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Title: It’s always summer on these 25 secret islands
Content: Having a hard time accepting the fact that
summer has ended? Prefer Pina Coladas to Pumpkin
Spice Lattes? Well, then you are going to want to set
a course for one of the following islands...

Modeling user interest is critical for accurate news
recommendation. Existing news recommendation
methods usually infer user interest from click behaviors on news. However, users may click a news
article because attracted by its title shown on the
news website homepage, but may not be satisfied
with its content after reading. In many cases users
close the news page quickly after click. In this paper we propose to model user interest from both
click behaviors on news titles and reading behaviors on news content for news recommendation.
More specifically, we propose a personalized reading speed metric to measure users’ satisfaction with
news content. We learn embeddings of users from
the news content they have read and their satisfaction with these news to model their interest in news
content. In addition, we also learn another user embedding from the news titles they have clicked to
model their preference in news titles. We combine
both kinds of user embeddings into a unified user
representation for news recommendation. We train
the user representation model using two supervised
learning tasks built from user behaviors, i.e., news
title based click prediction and news content based
satisfaction prediction, to encourage our model to
recommend the news articles which not only are
likely to be clicked but also have the content satisfied by the user. Experiments on real-world dataset
show our method can effectively boost the performance of user modeling for news recommendation.
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Figure 1: The reading dwell time distribution of an example news
and news clicked by two users. The speed unit is words per second.

Introduction

News recommendation is an integral part of many online
news services to target user interest and alleviate information overload [Wang et al., 2018]. User interest modeling
is critical for personalized news recommendation. Existing news recommendation methods usually model interest of
users based on their click behaviors on news platforms. For
example, Wang et al. [2018] proposed to learn user representations from clicked news articles based on their similarities to candidate news. Zhu et al. [2019] proposed to learn
user representations from clicked news using a combination
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of CNN and attentive LSTM. Users usually make click decisions based on news titles displayed on news websites. However, since news titles are usually short and the information
they condensed is very limited and even noisy (e.g., clickbaits), click behaviors based on news titles may not necessarily indicate user interest. In many cases, users are not satisfied
with the content of the clicked news and close the news pages
quickly. For example, as shown in the top figure of Fig. 1,
most users close the page of this news in less than 20 seconds,
which means that the content of this news is not attractive for
many users who click it. Thus, modeling user interest based
on their news click behaviors may not be accurate enough.
Besides the click behaviors, the news reading behaviors
can provide important information of whether the users are
satisfied with the news content. A natural way to incorporate
reading behaviors is using the time users spending on reading
the content of news, in other words, the dwell time [Kim et
al., 2014]. Long dwell time on a news page usually indicates
higher interest and satisfaction on this news content than short
dwell time [Lu et al., 2018]. However, news articles usually
have huge difference in content length, and longer articles
usually take more time to read. Thus, the absolute dwell time
may be not optimal for modeling reading satisfaction. A direct improvement of dwell time is reading speed which considers both dwell time and news content length [Lu et al.,
2019]. However, as shown in the bottom figure of Fig. 1, different users may have different habits in news reading, and
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their average reading speed has huge difference. Thus, reading speed may also be not optimal for satisfaction modeling.
In this paper, we propose a user modeling method for news
recommendation which can model user interest from both
news click behaviors and news reading behaviors.1 First, we
propose a personalized reading speed metric to measure the
reading satisfaction of users with news content, which is computed based on the reading dwell time, news content length
and the average historical news reading speed of a user. We
learn embeddings of users from the news content they previously read with a content-satisfaction attention network to incorporate their satisfaction into the modeling of their interest
on news content. In addition, we learn another user embedding from the news titles clicked by users to model their click
preferences in news titles. We synthesize these two kinds of
user embeddings into a unified representation for news recommendation via a behavior attention network. We propose
to train our model via two supervised tasks based on user behaviors, i.e., news title based click prediction and news content based satisfaction prediction, which can encourage our
model to recommend news not only with higher probabilities
to be clicked, but also are satisfied by users after reading their
content. Extensive experiments on real-world dataset validate
that our approach can effectively improve the performance of
user modeling for news recommendation.
The main contributions of this paper include:
• We propose an effective method to infer user interest
for news recommendation from both click behaviors and
satisfaction-aware reading behaviors.
• We propose a personalized reading speed metric to measure users’ reading satisfaction with news content.
• We train the user models using both title based click prediction and content based satisfaction prediction tasks.
• We conduct extensive experiments to explore the performance of the proposed method on real-world dataset.

2
2.1

Related Work
User Modeling for News Recommendation

News recommendation is a critical technique for online news
websites, and has been extensively studied over years. How to
accurately model user interest is a core problem in news recommendation. Many existing methods for news recommendation are based on news clicks to represent users [Liu et al.,
2010; Li et al., 2010; Li et al., 2011; Lian et al., 2018]. For
example, Liu et al. [2010] proposed to represent users based
on the topic categories of their clicked news and interest features generated by a Bayesian model. Li et al. [2010] proposed to use demographics, geographic features and behavior
categories on Yahoo! to represent users. Lian et al. [2018]
proposed to represent users from their profiles such as demographics and behavior features extracted from their clicked
news. However, these methods rely on manual feature engineering to construct user representations, which requires massive expertise.
1
The source codes of our CPRS method are available at
https://github.com/wuch15/IJCAI2020-CPRS.

3024

In recent years, there are several methods based on deep
learning to learn user representations [Okura et al., 2017;
Wang et al., 2018; Wu et al., 2019b; An et al., 2019; Wu et al.,
2019a; Wu et al., 2019d; Zhu et al., 2019; Wu et al., 2019c;
Ge et al., 2020]. For example, Okura et al. [2017] proposed
to learn representations of users from their historical clicked
news via a gated recurrent unit (GRU) network. Wang et
al. [2018] proposed to learn user representations from clicked
news according to their similarity to candidate news. Wu et
al. [2019a] proposed an attentive multi-view learning framework to learn user representations from the unified news representations synthesized from different views of news. Zhu et
al. [2019] proposed to use CNNs and an attentive LSTM network to learn user representations from clicked news. However, these methods only consider news click behaviors of
users, which may be inaccurate in modeling user interest.
There are only a few news recommendation methods which
consider reading satisfaction to fill the gaps between news
clicks and user interest [Yi et al., 2014]. For example, Yi et
al. [2014] proposed to use dwell time to weight clicked news
to form user representations. However, news content length
and user reading customs have huge impacts on the reading
dwell time, which is not considered by these methods. In
addition, the weighting method is also manually designed,
which may not be optimal. Different from these methods, we
propose a personalized reading speed metric to model user
satisfaction, and we propose to consider user satisfaction in
both user interest modeling and user model training.

2.2

User Satisfaction Modeling

Modeling user satisfaction in personalized online services is
important to better understand user preferences. Some methods model user satisfaction based on the ratings given by
users [Zhao et al., 2019]. However, explicit feedback such
as user ratings may not be available in many scenarios such
as search and web browsing. Thus, many methods model
user satisfaction based on implicit feedback such as dwell
time of user behaviors [Kim et al., 2014; Liu et al., 2016;
Zhou et al., 2018]. For example, Kim et al. [2014] proposed to predict user satisfaction for search engine based on
browsing dwell time and the topic of the displayed webpage.
Zhou et al. [2018] proposed to jointly predict the probability
of user click and dwell time to consider user satisfaction in
recommender systems. However, dwell time may be heavily
influenced by the characteristics of users and displayed content, which may not be optimal to model user satisfaction.
There are also several studies to employ other kinds of implicit feedback to model user satisfaction. For example, factors such as reading speed, reading ratio, scroll interval have
been shown correlated with user satisfaction [Lu et al., 2018;
Lu et al., 2019]. In addition, the contexts of user behaviors such as the sequential patterns of moves and clicks may
also have relatedness with user satisfaction [Mehrotra et al.,
2017]. However, different users may also have different using
customs, and these factors of different users may also correlate to satisfaction differently. Different from these methods,
we propose to use personalized reading speed to model user
satisfaction in user interest modeling and model training.
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Figure 2: The overall framework of our CPRS approach.

3

Our Approach

In this section, we introduce our user modeling approach with
click preference and reading satisfaction (CPRS) for news
recommendation. The overall framework of CPRS is shown
in Fig. 2. Its details are introduced in the following sections.

3.1

Satisfaction Modeling

We first introduce how to model reading satisfaction of users
with news content. In many existing methods, user satisfaction is modeled by dwell time of behaviors [Kim et al., 2014;
Zhou et al., 2018]. However, the length of news content may
have impact on the dwell time of news reading, making it
inaccurate to directly use dwell time for satisfaction modeling. Thus, it may be more appropriate to use reading speed
to combine the information of dwell time and content length.
Denote the reading dwell time of the ith news as ti and the
length of its content as ni . Then the reading speed vi of this
news is computed by vi = ni /ti . However, reading speed
is still insufficient to model satisfaction accurately, because
users are diverse in their reading speeds due to their different
reading habits. Thus, we propose to measure user satisfaction
via personalized reading speed by using the ratio of reading
speeds to the average historical reading speed of this user.
The personalized reading speed v̂i of the ith news is comPK
1
puted by v̂i = vi /( K
j=1 vj ), where K is the number of
historical clicked news.

3.2

User Modeling

Next, we introduce how to model user interests by considering both click preference and reading satisfaction. There are
three modules in the user modeling part.
The first one is a content-satisfaction attention network,
which is used to learn reading-based user representations
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from news content read by users by considering their satisfaction into interest modeling. Due to the characteristics such
as topics and quality of news content, the informativeness of
the content of different news in modeling user interest is different. Thus, we use content attentions to learn user representations from previously read news content in a selective manner. Denote the representation vector of the ith news content
as dci . Its content attention weight αi is calculated as follows:
exp(qTc dci )
α i = PK
,
T c
j=1 exp(qc dj )

(1)

where qc is the content attention query. To incorporate user
satisfaction into the modeling of user interest, we propose to
use satisfaction attentions to help recognize the news content
satisfied by users. To compute satisfaction attention of the
ith news content, we first map its real-valued personalized
reading speed v̂i into a discrete variable by v̂i0 = blog2 (v̂i )c.
Then, we use the embedding of vi0 to generate the satisfaction attention query qi via a linear transformation. Finally, its
satisfaction-based attention weight βi is calculated as:
exp(qTi dci )
.
βi = PK
T c
j=1 exp(qj dj )

(2)

The final reading-based user representation ur is the summation of content representations weighted by their content and
PK
satisfaction attention weights, i.e., uc = i=1 (αi + βi )dci .
The second one is a title attention network, which is used to
learn clicked-based user representations from clicked news titles to capture users’ click interest. News with different titles
may have also different informativeness for modeling click
preference [Wu et al., 2019c]. Thus, we use an attention network to form click-based user representations by selecting
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this layer is the word embedding sequence E, and the output of this layer is a word representation sequence H =
[h1 , h2 , ..., hM −1 , hM ] = M ultiHeadAttention(E).
The third layer is a content attention network. Different
words in the same news may be diverse in their informativeness. Thus, we use a word attention network to learn more informative text representations by selecting important words.
The attention weight µi of each word is computed in a similar
way with title and content attention. The output text representation d is the summation of word representations weighted
PM
by their attention weights, i.e., d = i=1 µi hi .
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Figure 3: The architecture of the text encoder.

important news titles. Denote the representation of the ith
clicked news title as dti . Its attention weight γi is computed
in a similar way with content attentions. The click-based user
representation ut is the summation of title representations
PK
weighted by their attention weights, i.e., ut = i=1 γi dti .
The third one is a behavior attention network. Usually the
click and reading behaviors may have different importance
in representing user preference. For example, if a user scans
most news very quickly but reads a few news articles carefully, the reading behavior of this user may be more important
than click behavior in representing her interest. Thus, we use
a behavior attention network to form unified user representations from the click-based and reading-based ones. Denote
the attention weights of click behavior and reading behavior
as δt and δc . For instance, δt is computed as follows:
δt =

exp(qTu ut )
,
exp(qTu ut ) + exp(qTu ur )

(3)

where qu is a behavior attention query. The final user representation u is computed by u = δt ut + δc uc .

3.3

Text Encoder

In this section, we briefly introduce how to implement the text
encoders (i.e., title encoders and content encoders) in Fig. 2
to learn news title and content representations. Motivated by
Wu et al. [2019c], we use a combination of word attention and
multi-head self-attention networks to encode news titles and
news contents into their representations. In addition, we use
position embeddings to keep the order information of words.
As shown in Fig. 3, there are three layers in a text encoder.
The first one is a word and position embedding layer. It is
used to convert the words in an input text into their embeddings. To capture the order information of words, we use a
summation of the semantic embedding and position embedding to represent each word. The output of this layer is a
sequence of vector, denoted as E = [e1 , e2 , ..., eM −1 , eM ],
where M is the number of words.
The second layer is a multi-head self-attention network [Vaswani et al., 2017]. The words in the same text
may have inherent relatedness. Thus, we use a multi-head
self-attention network to learn representations of words by
capturing their interactions with each other. The input of
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Click-Satisfaction Prediction

In this section, we introduce the details of label prediction and
modeling training, which take both click signals and satisfaction signals into consideration. Denote the representations of
the candidate news title and content obtained by text encoders
as dt and dc , respectively. Since users’ click decisions are
mainly based on titles, we predict the probability score ŷ of a
user clicks the candidate news Dc based on the representation
of user and the title of candidate news, i.e., ŷ = wtT [u; dt ],
where wt is a parameter vector. Similar to the historical
clicked news, modeling user satisfaction with candidate news
may also benefit user interest modeling. However, the dwell
time of candidate news is not available for test, and it is inappropriate to directly incorporate them as input. Thus, we
propose a news content based satisfaction prediction task to
predict the satisfaction scores of candidate news, which encourages our model to recommend news not only tend to be
clicked but also are satisfied by users in terms of their content. The satisfaction score ŝ of a candidate news is predicted
by ŝ = wsT [u; dc ], where ws are parameters.
Following [Huang et al., 2013; Wu et al., 2019c], we use
negative sampling techniques for model training. For each
clicked news (regarded as a positive sample), we randomly
select N non-clicked news that displayed in the same impression as negative samples. The loss function for recommendation is formulated as:
Lrec = −

|S|
X
i=1

log(

exp(ŷi )
),
PN
exp(ŷi ) + j=1 exp(ŷi,j )

(4)

where S is the training set, ŷi and ŷi,j are the click scores of
the ith positive sample and the associated jth negative sample. The gold satisfaction score of the ith positive news is
computed as si = log2 (v̂i ), where v̂i is the personalized
reading speed. Denote the predicted satisfaction score of this
news as ŝi , then the loss function for content satisfaction prediction is formulated as:
Lsat =

|S|
X

|si − ŝi |.

(5)

i=1

We jointly train our model in both tasks. The final loss function to be optimized is a weighted summation of the loss functions of two tasks:
L = Lrec + λLsat ,

(6)

where λ is a coefficient to control the relative importance of
the news content based satisfaction prediction task.

Proceedings of the Twenty-Ninth International Joint Conference on Artificial Intelligence (IJCAI-20)

4

Experiments

4.1

Datasets and Experimental Settings

Since there is no publicly available news recommendation
dataset that contains the full dwell time information of all
news logs, we constructed one by collecting the 500,000 news
impression logs from Microsoft News2 during one month
from 10/12/2019 to 11/13/2019. The logs in the last week
were used for test, and the rest were used for training. We
further randomly sampled 10% of the training data for validation. The statistics of this dataset are summarized in Table 1.
# Users
# News
# Impressions

285,563
95,628
500,000

Avg. # Words Per News Title
Avg. # Words Per News Content
Avg. Reading Speed (Word/s)

11.65
648.31
16.71

Methods
LibFM
Wide&Deep
DeepFM
DSSM
DFM
GRU
DKN
DAN
NAML
NRMS
DTW
CPRS*
CPRS-click

AUC
57.68±0.65
59.16±0.47
58.34±0.51
60.01±0.36
59.29±0.45
60.79±0.26
60.12±0.31
61.30±0.34
61.96±0.28
62.59±0.31
63.24±0.24
64.78±0.22
64.03±0.20

MRR
17.93±0.59
18.79±0.46
18.14±0.47
19.68±0.33
18.87±0.41
20.14±0.24
19.77±0.26
20.55±0.30
20.96±0.25
21.38±0.29
21.43±0.24
22.34±0.18
21.89±0.19

nDCG@5

nDCG@10

18.68±0.62
19.21±0.44
18.75±0.52
20.02±0.36
19.13±0.43
20.57±0.22
19.94±0.29
21.01±0.30
21.35±0.24
21.76±0.26
22.28±0.20
23.20±0.16
22.67±0.15

23.12±0.60
24.04±0.45
23.59±0.59
24.61±0.36
23.95±0.46
25.23±0.25
24.74±0.33
25.87±0.31
26.20±0.27
26.69±0.28
27.31±0.18
28.34±0.16
27.81±0.16

Table 2: News recommendation results. *Improvements over baselines are significant (p < 0.01).

Table 1: Detailed dataset statistics.

In our experiments, word embeddings were 300dimensional, and the personalized read speed embedding
was 200-dimensional. We used Glove [Pennington et al.,
2014] to initialize the word embeddings. Following Wu et
al. [2019c], the self-attention networks had 16 heads, and
each head was 16-dimensional. The attention query was 200dimensional. The negative sampling ratio N was 4. The intensity of dropout was 20%. The loss coefficient λ was 0.4.
Adam [Kingma and Ba, 2015] was used as the optimizer. The
batch size was set to 32. These hyperparameters were tuned
on the validation set. Each experiment was repeated 10 times
to mitigate occasionality. The metrics used in our experiments are the average AUC, MRR, nDCG@5 and nDCG@10
scores over all impressions.

4.2

Performance Comparison

To validate the effectiveness of our CPRS method, we
compare it with many baseline methods, including: (1)
LibFM [Rendle, 2012], a feature-based matrix factorization
method. (2) Wide&Deep [Cheng et al., 2016], a neural recommendation method which consists of a wide linear part
and a deep neural part. (3) DeepFM [Guo et al., 2017], a
neural recommendation method which combines factorization machines and deep neural networks. (4) DSSM [Huang
et al., 2013], deep structured semantic model, which utilizes character trigram hashing and deep neural networks. (5)
DFM [Lian et al., 2018], a neural news recommendation approach, which integrates of neural networks with different
depths. (6) GRU [Okura et al., 2017], a neural news recommendation method which uses GRU to learn user representations and autoencoders to learn news representations. (7)
DKN [Wang et al., 2018], deep knowledge-aware network
for news recommendation. (8) DAN [Zhu et al., 2019], a neural news recommendation approach which uses CNN to learn
news representations and uses attentive LSTM to learn user
representations. (9) NAML [Wu et al., 2019a], a neural news
recommendation approach with attentive multi-view learning. (10) NRMS [Wu et al., 2019c], a neural news recommendation approach with hierarchical multi-head self-attention.
(11) DTW [Yi et al., 2014], using dwell time to weight clicked
2

https://www.msn.com/en-us
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news in the user encoder of our approach. (12) CPRS-click,
a variant of our CPRS method with only click behaviors for
model training. For fair comparison, all these methods use
the titles and bodies of news to learn news representations.
The performance of different methods is summarized in
Table 2. We have several findings from the results. First,
compared with methods based on handcrafted features to represent news and users (e.g., LibFM, DSSM and DFM), the
methods that utilize neural networks to learn news and user
representations from news content perform better. This may
be because handcrafted features may be sub-optimal in representing news and users, and using neural networks to build
their representations may be more suitable for news recommendation. Second, the methods which consider the reading
satisfaction of users (e.g., CPRS and CPRS-click) outperform
other ones based on news clicks only. This is probably because news clicks cannot exactly reflect user interest, and incorporating reading satisfaction can model user interest more
accurately. Third, the methods that use personalized reading
speed (CPRS and CPRS-click) outperform the DTW method
that uses dwell time to weight clicked news. This is because the latter method ignores the influence of news content
lengths and user reading habits, which is inaccurate. Fourth,
our CPRS approach outperforms its variant CPRS-click. This
is probably because CPRS can consider the satisfaction signals into model training to capture user interest better.

4.3

Effectiveness of Reading Satisfaction Modeling

In this section, we conduct experiments to validate the effectiveness of modeling reading satisfaction via personalized
reading speed. We compare the performance of CPRS using different ways to indicate reading satisfaction, i.e., dwell
time, reading speed, and personalized reading speed. The results are shown in Fig. 4(a). From the results, we find that
using dwell time is inferior to using reading speed in modeling reading satisfaction. This is because the difference in
the length of news content is not considered by dwell time,
which may be inaccurate to model satisfaction with different
news. In addition, compared with using personalized reading speed, simply using reading speed is also not the optimal
way. This is because the reading speed of different users can
be very different, and regarding different users equally may
be inaccurate to model the satisfaction of different users.
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In this section, we conducted several experiments to validate the effectiveness of different attention networks in our
approach. We use the leave-one-out scheme to evaluate the
contribution of each kind of attention network to CPRS. The
results are shown in Fig. 4(b). From the results, we find that
the title and content attention networks in our approach play
important roles in our approach. It indicates that modeling the
informativeness of news title and content is critical for learning informative news and user representations. In addition,
the satisfaction attention network in our approach can also effectively improve the performance of our approach. It shows
that selecting important news according to reading satisfaction can calibrate the user interest modeling based on news
clicks. Besides, the behavior attention network is also useful.
It shows that modeling the contributions of click and reading
behaviors can help learn more accurate user representations.
These results validate the effectiveness of the attention networks in our approach.

Hyper-parameter Analysis

In this section, we study the influence of the loss coefficient
λ in Eq.(6) on the performance of our approach. The performance of CPRS w.r.t. different values of λ is shown in Fig. 5.
From the results, we find that the performance of CPRS improves quickly with the growth of λ. This is probably because
when λ is too small, the model is not well-trained in the satisfaction prediction task, and useful satisfaction signals are
not fully utilized. When λ goes too large, the performance
starts to decline. This may be because the satisfaction prediction task is over-emphasized and the click prediction task
does not receive sufficient attention. Thus, setting λ to a moderate value (e.g., 0.3) may be more suitable for our approach.

4.6
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0.7
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0.671
0.052
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Figure 5: Performance of CPRS w.r.t. different settings of λ.

Figure 4: Effects of satisfaction modeling and attention networks.

4.4

0.2

27.7

Case Study

In this section, we conduct several case studies to visually
explore the effectiveness of our approach. We visualize
the satisfaction attention weights and the content attention
weights with and without satisfaction modeling of the historical clicked news from a randomly selected user. The results are shown in Fig. 6. From the visualization results, we
find the content attention without satisfaction signals may be
inaccurate. For example, the fifth news is assigned a high
attention weight, but the user reads the content of this news
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Figure 6: Visualization of content and satisfaction attention. PRS
denotes personalized reading speed.

very fast before closing it, which is probably an indication of
disappointment. Thus, it is insufficient to model user interests based on news clicks only. After considering user satisfaction, the satisfaction attention mechanism can select news
that the user reads more carefully and the content attention
mechanism can also focus more on the news satisfied by this
user. It shows that modeling reading satisfaction is beneficial
for modeling user interest more accurately, and can further
help recommend news that are satisfied by users.

5

Conclusion

In this paper, we propose a user modeling approach with
click preference and reading satisfaction for news recommendation. We propose a personalized reading speed metric to
model user satisfaction, which is based on dwell time, news
content length, and the average speed of historical news reading. We learn a user representation from the news content
read by a user with a content-satisfaction attention network
to incorporate reading satisfaction into user interest modeling. In addition, we learn another user representation from
clicked news titles using an attention network to grasp click
preferences in news titles. We fuse both kinds of user representations into a unified one in an attentive way. Besides, we
propose to jointly train our model in two tasks, i.e., click prediction based on news title and satisfaction prediction based
on news content, to encourage our model to recommend news
that are satisfied by users rather than tend to be clicked only.
Experimental results on real-world dataset validate that incorporating reading satisfaction can effectively improve the
quality of user modeling for news recommendation.
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