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Abstract—Latent factor models are widely used in recom-
mender systems. In these models, users and items are represented
as vectors in a joint latent factor space. The inner products of
user vectors and item vectors are used to model the user-item
interactions (e.g., ratings). A review is often posted by the user
to explain the given rating. Therefore, reviews can be used to
understand how users rate the items and to interpret the latent
dimensions of user and item vectors. In this paper, we propose
a probabilistic model that learns latent vectors of users and
items in a two- or three-dimensional space for visualization. Our
proposed model also extracts review topics and visualizes them
in the same visualization space for interpreting the ratings. We
model the user-item interactions by using the distances between
users and items in the visualization space. Extensive experiments
using several real-world datasets demonstrate the effectiveness of
our proposed model in recommendation and visualization tasks.

Index Terms—latent factor models, visualization, topic models

I. INTRODUCTION

In recommender systems, users often express their prefer-
ences by giving ratings and writing textual reviews to explain
the ratings they give. To understand user preferences, latent
factor models are widely used to analyze the ratings [1], [2].
In these models, users and items are represented as vectors
in a latent factor space. The ratings are modeled as the inner
products of user and item vectors. Given training data, the
latent vectors are typically learned by minimizing the mean
square error. While the learned latent vectors are good for
rating prediction, one shortcoming is that we may not have
a clear understanding of why users would give such ratings.
In this regard, reviews can be a great source for extracting
discussed topics and aspects that could provide an explanation
on the given ratings. Therefore, there have been several works
that leverage reviews for understanding rating factors and
improving the performance of recommender systems [3]–[6].

For making sense of how users rate items, visualization is
an effective means to present user preferences and explore
item recommendations. Visualization approach has show its
effectiveness in different tasks such as presenting and manip-
ulating user preferences [7], exploring social recommendations
[8], visualizing explanations in recommender systems [9]. In
these methods, one possible way to display users and items
is by embedding their latent vectors to a 2- or 3-dimensional
space using a dimensionality reduction method such as Mul-
tidimensional Scaling [7]. However, most of the existing
visualization methods ignore the reviews when performing the
dimensionality reduction of user and item vectors. Therefore,
the explanations based on reviews may not be transferred to
and visualized in the visualization space for making sense of
the item recommendations. Although document visualization
methods can be utilized to visualize topics in reviews [10],
[11], they do not model users, items, and ratings. Therefore,
the output visualization may be not relevant and reflect well
the user rating behavior.

To address the above limitations of the existing methods for
visualizing and understanding user preferences, we propose a
probabilistic semantic latent factor model, named SeeP, that
embeds users, items, and topics of reviews in a 2- or 3-
dimensional space for visualization and explanation. Different
from traditional latent factor models that needs to reduce the
dimension of high-dimensional latent vectors for visualization,
our proposed model directly learns for each user and each item
a latent vector in a 2- or 3-dimensional space. Since users
and items are in the same visualization space, we propose
using distances between users and items, instead of using dot
products, to model the ratings. Intuitively, a user close to an
item would give a high rating to that item. Moreover, since
we want to extract the topics from reviews and use those to
explain why a user prefers some items, we also embed review
topics into the visualization space. Topics next to a user and
an item can give an explanation on why that user gives such
a rating to that item. Since our proposed model optimizes and
learns the representations of users, items, and review topics
at the same time, the learned visualization ensures that both
rating behavior and semantic aspects of ratings are preserved
as much as possible. This could have important applications
for visual analysis of user preferences and exploring item
recommendations.
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In this paper, we make the following contributions:
• We propose a holistic model of user preferences, review

topics, and visualization for visualizing and understand-
ing user preferences. Our proposed model, named SeeP,
embeds users, items, and review topics in a 2- or 3-
dimensional space for visualization and explanation. Both
user preferences and semantic aspects of ratings are
preserved as much as possible in the visualization space.
We derive an algorithm to estimate model parameters
based on the variational inference approach.

• We conduct extensive experiments on several large real-
world datasets. The experimental results show the effi-
ciency and effectiveness of our proposed model.

II. SEMANTIC VISUAL LATENT FACTOR MODEL

A. Problem Definition

The considered problem can be stated as follows: Given Nu

users, and Ni items. Let R be the rating matrix where Ru,i

represents the rating of user u for item i. Let wu,i be the
review by user u for item i. To extract and visualize review
topics, since an item i can be described by all reviews given to
it, we integrate all reviews for an item i into a single document
wi. Let D be the set of these item-documents, D = {wi}Ni

i=1,
and V is the vocabulary of the text reviews. We want to find:

• U = {γu}Nu
u=1 ∈ RH×Nu and I = {γi}Ni

i=1 ∈ RH×Ni

which are the latent factor matrices for all users and
items respectively. Here H = 2 or 3 for visualization,
and column γu and column γi represent user u and item
i respectively. The distances between users and items
reflect the ratings. A user close to an item would give
a high rating to that item.

• In addition, our model learns Z latent topics, their visu-
alization coordinates Φ = {ϕz}Zz=1, and their word dis-
tributions β = {βz}Zz=1. The topic distributions of item-
documents are denoted as Θ = {θi}Ni

i=1. The distances
between an item and topics reflect the topic distribution
of reviews for that item. Since the distance from a user to
an item expresses the rating, we can rely on topics near
to that item to explain why that user gives such a rating
to the item.

B. Generation and Inference

We model the topic distribution of an item-document i as:

θiz = p (z|γi,Φ) =
exp

(
− 1

2 ∥γi − ϕz∥2
)

∑Z
z′=1 exp

(
− 1

2 ∥γi − ϕz′∥2
) (1)

here γi is the visualization coordinate of item i. It is clear
from the equation that we want to keep the topics of item i
close to it in the visualization space.

To visualize user preferences toward items, we model the
ratings using Euclidean distances between users and items.
We assume the following Gaussian distribution over the rating
ru,i:

ru,i ∼ N
(
f(γu, γi), σ

2
r

)
(2)

here f(γu, γi) is a function of Euclidean distance between user
u and user i:

f(γu, γi) = R exp
(
−α2 ∥γu − γi∥2

)
(3)

where R is the max rating that a user could give to an item
(i.e., 5 if the 5-point Likert scale is used) and α2 is a positive
scaling factor that will be learned. Intuitively, users give higher
ratings to the items that are closer to them in the visualization.
Given the above assumptions, the generative process of SeeP
is as follows:

1) For each document wi corresponding to item i, i =
1, . . . , Ni:
a) Draw a document coordinate: γi ∼ N

(
0, σ2

i I
)

b) For each word wi,m in document wi:

i) Draw a topic: z ∼ Multi
(
{p (z|γi,Φ)}Zz=1

)
ii) Draw a word: wi,m ∼ Multi (βz)

2) Given a user u and an item i:
a) Draw a rating: ru,i ∼ N

(
f(γu, γi), σ

2
r

)
here γi, γu are the latent vectors of item i and user u or
their visualization coordinates. We treat α, U = {γu}Nu

u=1,
topic visualization coordinates Φ = {ϕz}Zz=1, and topic word
distributions β = {βz}Zz=1, as model parameters that can
be learned by maximizing the following lower bound on the
marginal log likelihood:

L (η, σi, σr, U,Φ, α,β;wi)

= −
Ni∑
i=1

DKL [q(γi|wi, η)∥p(γi|σi)]

+

Ni∑
i=1

Eq(γi|wn,η) [log p (wi|γi,Φ,β)]

+

Nu∑
u=1

Ni∑
i=1

Eq(γi|wn,η)

[
log

[
N (ru,i|f(γu, γi), σ2

r)
]]

(4)

here q(γi|wi, η) is a variational distribution to approximate
the intractable true posterior p(γi|wi). q(γi|wi, η) can take
a Gaussian form whose parameters are parameterized by an
inference neural network:

q(γi|wi, η) = N (γi|fµ0
(wi), f

2
σ2
0
(wi)) (5)

here fµ0
, fσ2

0
can be multilayer perceptrons. The expectations

in Eq. 4 can be approximated by using a Monte Carlo estimator
[12]. More specifically, we sample γ

(l)
i from q(γi|wi, η) by

sampling an auxiliary noise sample ϵ(l) from N (0, I) and
computing γ

(l)
i = fµ0(wi) + ϵ(l) · fσ2

0
(wi). The expectations

can then be approximated as:

Eq(γi|wn,η) [log p (wi|γi,Φ,β)]

≈ 1

L

L∑
l=1

log p
(
wi|γ(l)

i ,Φ,β
) (6)
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Dataset #Users #Items #Reviews #Classes
Software 1818 797 11732 15
Arts Crafts and Sewing 55964 22919 431443 10
Music Instruments 27449 10615 216105 14
Yelp Tucson 113974 9250 379719 743
Office Products 101065 27947 727635 3
Industrial and Scientific 10984 5321 70612 25

TABLE I: Dataset statistics

Eq(γi|wn,η)

[
log

[
N (ru,i|f(γu, γi), σ2

r)
]]

≈ 1

L

L∑
l=1

log
[
N (ru,i|f(γu, γ(l)

i ), σ2
r)
]

≈ − 1

2σ2
r

Nu∑
u=1

Ni∑
i=1

(ru,i − αd(γu, γi))
2

(7)

Plug these approximated expectations into Eq. 4, we have a
differentiable objective function which can be optimized by
stochastic gradient descent1. The main steps of the inference
algorithm are described in Algorithm 1.

III. EXPERIMENTS

A. Datasets and Comparative Methods

We use several real-world datasets from different on-
line product and review platforms: Amazon2, Yelp3. We
adopt 5 product categories from Amazon with different
sizes: Software, Arts Crafts and Sewing, Music Instruments,
Office Products, and Industrial and Scientific. For Yelp
dataset, we keep only reviews for all businesses in Tucson
city. The preprocessing step including removal of all duplicate
reviews, and following [13]–[15], we use the 5-core version
of these datasets in which every user and item has less than 5
reviews are removed. The statistics of all datasets are shown
in Table I. The last column shows the number of classes for
items in each dataset. We randomly use 90% of each dataset
for training and the rest for testing. We only use the text
reviews in the training set for training. For text preprocessing,
we remove stopwords, stem words, and keep the 5000 most
frequent words as the vocabulary.

We compare SeeP with models that do not utilize textual
reviews including Probabilistic Matrix Factorization4 (PMF)
[16], Non-negative Matrix Factorization4 (NMF) [17], Neural
Collaborative Filtering5 (NCF) [18], DGCF6 [19]. For models
that leverage textual reviews, we compare SeeP with HFT7 [3],
TransNet-Ext8 [5], NARRE9 [20], RGCL10 [21], PLSV11 [10],

1We use L = 1 in our experiments
2https://nijianmo.github.io/amazon/
3https://www.yelp.com/dataset
4https://surprise.readthedocs.io/en/stable/index.html
5https://github.com/hexiangnan/neural collaborative filtering
6https://tinyurl.com/github-dgcf
7https://cseweb.ucsd.edu/∼jmcauley/
8https://github.com/winterant/TransNets
9https://github.com/chenchongthu/NARRE

10https://github.com/JarenceSJ/ReviewGraph
11https://github.com/dangpnh2/plsv vae

and LDA12 [22]. For PLSV, γi is learned by using only item-
documents. For LDA, we extract topic proportions of item-
documents and γi is then obtained by embedding these topic
proportions into the visualization space using t-SNE [23].
Finally, with γi fixed, we learn γu by NCF trained on ratings.
For visualization, γu and γi are learned with two dimensions
for all methods in our experiments. The hyperparameters of
methods are set based on the original implementations. All
experimental results are averaged across 5 separate runs.

B. Visualization and Rating Prediction

In this section, we evaluate the performance of our method
based on both rating prediction and visualization quality. For
rating prediction, Mean Squared Error (MSE) is a widely used
metric. γu and γi in a good visualization should produce a
low MSE and thus we can visually explore the items that
a user may like. For visualization quality, we also rely on
labels of items for evaluation. The intuition is that a good
visualization should group items of the same label together.
Therefore, we calculate k-nearest neighbors (k-NN) accuracy
in the visualization space. A higher k-NN accuracy means a
better visualization.

We plot k-NN vs. MSE in Figures 1 to demonstrate how
methods balance between k-NN and MSE for visualization and
rating prediction tasks. Figure 1 reports results with k = 5 and
Z = 10. As we can see in the figures, TransNet-Ext, NARRE,
and RGCL often have the lowest MSEs because they utilize
textual reviews for improving the recommendation. There is a
trade-off between k-NN accuracy and MSE. Recommendation
methods such as NCF, DGCF, TransNet-Ext, NARRE, RGCL,
HFT, PMF, and NMF have low MSEs (i.e., they perform well
in the rating prediction task). However, they do not produce
good visualizations, indicated by very low k-NN accuracies,
because these models are not for visualization. In contrast,
PLSV and LDA have high k-NN accuracies because they
visualize the items based on topic models trained on textual
reviews, which can group well the items of the same label.
However, since they are not recommendation models, they
do not perform well in the rating prediction task, indicated
by their very high MSEs. For our proposed model, SeeP, it
balances well the k-NN accuracy and MSE where it has low
MSEs and high k-NN accuracies in most settings. By mod-
eling ratings, reviews, and visualization in a unified model,
SeeP can achieve a good performance in most of the datasets
in terms of visualization and rating prediction. This shows
that the visualization by SeeP preserves well user preferences,
which is useful for visually exploring and making sense of
user rating behavior. Visualization examples in Figures 3 will
demonstrate this point further.

C. Topic Coherence

In this section, we evaluate the quality of topics generated
by different methods. The goal is to show that besides achiev-
ing good performance in rating prediction by utilizing topics

12https://github.com/akashgit/autoencoding vi for topic models
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Fig. 1: k-NN vs. MSE across all datasets with k = 5, Z = 10

in reviews, SeeP also gains a competitive performance on topic
coherence. Since we use topics to explain the ratings in the
visualization, their coherence is very important. To evaluate
topic coherence, we use Normalized Pointwise Mutual Infor-
mation (NPMI) that can be estimated using an external large
corpus. For a topic, the NPMI score will be an average over
all possible pairs of words of that topic. Figure 2 shows NPMI
scores of all methods across different numbers of topics. As
shown in the figure, NPMI scores of SeeP are comparable
to topic model-based methods, PLSV and LDA. Since, for
visualization, HFT can only run with two topics, we do not
show it in Figure 2.
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Fig. 2: Topic coherence

D. Visualization Examples

Due to limited space, we show some visualization examples
by SeeP, HFT, and PLSV on Arts Crafts and Sewing dataset
in Figure 3. In this visualization, each user is represented by a
black cross, the colored pluses are items whose colors express
the classes of items, and the large red points are topics. In
the visualization of HFT, the items are mixed up and groups
of items are not well-preserved. In contrast, SeeP and PLSV
generate different clusters of items that are consistent with the
class labels of items. However, in PLSV, all γu are grouped
close to the center of the visualization, which does not result
in a compelling visualization of user-item relationships.

IV. RELATED WORK

In recommender systems, latent factor models are widely
used for rating prediction [1], [16]–[18]. These models con-
sider only the numeric ratings and ignore all other sources of
information given either by users or items. Recent approaches
including deep learning exploit textual reviews to enhance
the performance of recommendation systems [5], [6], [20],
[21], [24], [25]. One of methods closely related our method
is HFT where it adds a corpus likelihood based on LDA [22]
topic models to the traditional latent factor model [3]. HFT
uses topics as regularizers for more accurately fitting user and
item latent factors. None of the above methods can generate
a visualization for effectively presenting user preferences and
exploring item recommendations.

For visualization in recommender systems, it has shown
several important applications in different tasks such as pre-
senting and manipulating user preferences [7], exploring social
recommendations [8], and visualizing explanations in recom-
mender systems [9]. In these methods, one possible way for
visualization is to embed user and item latent vectors into a 2-
or 3-dimensional space using a dimension reduction method
such as MDS [7] or t-SNE [23]. However, it is not trivial
to incorporate reviews into these methods when performing
the dimension reduction of user and item vectors. Some
recent document visualization methods can visualize topics in
reviews [10], [26]. However, they do not model users, items,
and ratings. Therefore, the output visualization may not reflect
well user rating patterns. There have been other works for
visualization recommender systems which is different from the
considered problem in this paper. Visualization recommender
systems aim to recommend visualisation methods to users
given specific contexts [27], [28].

V. CONCLUSION

We propose a probabilistic semantic latent factor model,
named SeeP, that embeds users, items, and topics of reviews
for visualization and explanation. The user-item interactions
are modeled by the distances between users and items in
the visualization space. We conduct experiments using several
datasets to show the effectiveness of our proposed method
in rating prediction, item classification, topic coherence, and
generating visualization.

338



(a) SeeP (b) HFT (c) PLSV
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Fig. 3: Visualization of Arts Crafts and Sewing by a) SeeP; b) HFT; c) PLSV (Z = 10)
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