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ABSTRACT
Despite the great success of many matrix factorization based col-
laborative filtering approaches, there is still much space for im-
provement in recommender system field. One main obstacle is the
cold-start and data sparseness problem, requiring better solutions.
Recent studies have attempted to integrate review information into
rating prediction. However, there are two main problems: (1) most
of existing works utilize a static and independent method to extract
the latent feature representation of user and item reviews ignor-
ing the correlation between the latent features, which may fail to
capture the preference of users comprehensively. (2) there is no
effective framework that unifies ratings and reviews. Therefore,
we propose a novel dual attention mutual learning between ratings
and reviews for item recommendation, named DAML. Specifically,
we utilize local and mutual attention of the convolutional neural
network to jointly learn the features of reviews to enhance the inter-
pretability of the proposed DAML model. Then the rating features
and review features are integrated into a unified neural network
model, and the higher-order nonlinear interaction of features are
realized by the neural factorization machines to complete the final
rating prediction. Experiments on the five real-world datasets show
that DAML achieves significantly better rating prediction accuracy
compared to the state-of-the-art methods. Furthermore, the atten-
tion mechanism can highlight the relevant information in reviews
to increase the interpretability of rating prediction.

CCS CONCEPTS
• Information systems→Recommender systems; •Comput-
ing methodologies → Neural networks; Factorization machines.
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1 INTRODUCTION
User ratings, as a kind of user feedback reflecting users’ interests,
have been widely used to predict users’ preferences. Matrix fac-
torization (MF) has achieved great success in learning user prefer-
ences [9, 24]. Relying on user-item interaction records, MF method
represents users’ preferences and items’ features as latent factor
vectors in a latent space for rating prediction. However, a rating
only reflects a user’s overall satisfaction towards an item without
explaining why the user assigns such a rating to the item, resulting
in unexplained recommendations and cold-start problem [4, 22].

To tackle these limitations, researchers have paid attentions to
the reviews. The reviews accompanying with the ratings typically
contain a variety of information related to user preferences and
item attributes. Recently, deep learning models have been proposed
to extract effective latent features from the reviews for rating pre-
diction [18, 30]. In these works, the convolutional neural networks
(CNNs) are used to capture more effective contextual features of
the reviews. Although these researches have achieved better rec-
ommendation performance than topic-based model, there are also
some issues not thoroughly studied.
• Most of existing works have learned the latent features of
users and items in a static and independent way [2, 18, 30].
However, the review text of users and items usually contains
semantic information related to users and items, without
considering the relevance of features between them. It may
lead to great deviation to predict users’ preferences [26].
• There are two kinds of fusion methods. One is the tradi-
tional data fusion method based on MF or Factorization Ma-
chines (FMs) [16]. However, this method fails to capture the
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complexity between features in different modalities [7, 21].
The other is a straightforward one that treats features ex-
tracted from different data sources equally, concatenating
them sequentially into a feature vector for recommenda-
tion tasks. Nevertheless, simply a vector concatenation does
not account for any interactions between latent features,
which is insufficient for modelling the collaborative filtering
effect[31].

To solve the above problems, we propose a DAML model. The
model utilizes the attention mechanism of CNNs and the nonlinear
of multi-layer perceptron (MLP) to achieve predictive rating for
users. The contributions of this paper are summarized as follows:
• The proposed DAML model adopts dual attention layers: a
local attention layer and a mutual attention layer. The former
is used before the convolution layers to select informative
words from a local window that contributes to the item at-
tributes and user preferences. The latter is exploited after the
convolution layer to learn the relevant semantic information
between user review text and item review text that realize
the dynamic interaction of users and items.
• We propose a unified neural network model to fuse ratings
and reviews. Then neural factorization machines are used
to realize the high-order nonlinear interaction of latent fea-
tures. The model parameters are trained through end-to-end
multitasking learning method.
• The experiments are performed on five real-world datasets
and the experimental results show that the proposed DAML
model achieves better rating prediction accuracy than the
existing state-of-the-art methods. Further studies demon-
strate that the words highlighted by DAML in reviews are
extremely meaningful and can reveal users’ specific pref-
erence towards an item, which helps to improve the inter-
pretability of the recommender systems.

The remainder of this paper is organized as follows: Section 2
reviews the related work in the recommender systems. Section 3
presents the problem formulation; Section 4 introduces the over-
all framework of DAML model in details and together with it is
the learning algorithm. The experimental settings and results are
presented in Section 5. Section 6 concludes the paper.

2 RELATED WORK
Our work is related to two lines of literatures, the review text used
for recommendation and neural networks. We review the recent
advances in both areas.

2.1 Review Text for Recommendation
Traditional collaborative filtering recommendation algorithms have
two significant drawbacks: one is data sparsity and the other is
the cold-start problem. With the increase of interaction between
users and system platforms, some auxiliary information closely
related to users and items have been utilized for relieving the
above drawbacks, especially, review text has become a research
hotspot to improve the performance of recommender systems. Some
works exploit topic modeling technique such as the Latent Dirichlet
Allocation(LDA)[1] on the reviews and couple the latent topics and
ratings [3, 4] which have shown significantly improvements over

the baselines that exploits ratings or reviews alone. However, these
studies ignore the word order and the local contextual information
of the reviews, a lot of specific information in the form of phrases
and sentences have been lost [9, 30]. Meanwhile, these studies adopt
the linear methods rather than the nonlinear methods [8, 11, 19] to
integrate reviews and ratings for rating prediction, which are not
sufficient to capture the nonlinear and complex structure of feature
interactions.

2.2 Deep Learning for Recommendation
Deep learning techniques have experienced great success in recom-
mender systems. He et al. apply multiple layers of MLP to extract
the high-level hidden feature by maximizing user-item interactions
and realize the nonlinear interactions of user-item features [7, 8].
Wang et al. [14, 25] utilize neural networks to learn the deep fea-
ture representation of reviews and probabilistic matrix factorization
(PMF) [17] to complete the rating prediction. However, this work
still employs bag-of-words [5] representation to learn the latent
topic. To improve the ability of deep feature representation, the
word vector model and CNNs are used to learn user behaviors and
item attributes representation [2, 9, 30]. However, they still learn
the latent features of user and item in a static and independent way,
which fails to learn the relevance of latent features. Inspired by the
works of relationship prediction and deep learning [12, 18, 26], we
propose a DAML model for item recommendation.

The proposed DAMLmodel differs significantly from above mod-
els in several aspects. First, a dual attention mechanism is exploited
to learn user-item interactions. The local attention layer focuses
on the importance of different words in the sentences, while the
mutual attention layer focuses on the learning of feature interac-
tions. Second, instead of applying an attentive matrix to derive
the relation of features, we propose a new method of defining a
correlation scoring function to calculate the relevance of features,
which can more intuitively capture the correlation between users
and items. Then we exploit neural networks to unify ratings and
reviews by some given rules for rating prediction. Our experimental
results show that DAML delivers superior performance than the
state-of-the-art methods.

3 PROBLEM FORMALIZATION
Figure 1 is the architecture of DAML model. Let u andU = {u1,u2,
· · · ,ui , · · · ,uM } denote a user and the whole user set respectively;
similarly, i and I = {i1, i2, · · · , i j , · · · , iN } are used to denote an
item and the whole item set respectively. The rating of users to
items R ∈ RM×N denotes their interactions, which can be real-
valued explicit ratings or binary 0/1 implicit feedback. Here, we
research the explicit ratings in which each ru,i ∈ R is a real-value.

Let x and X = {x1, x2, · · · , xi , · · · , xM } denote a user review
text and the whole user review text set respectively; similarly, let
s and S = {s1, s2, · · · , sj , · · · , sN } denote an item review text and
the whole item review text set respectively. The DAML model can
be formalized as follows:

Input: The input of interaction data is the identity of users
and items. We use one-hot encoded sparse vector νUu and ν Ii that
describe user u ∈ U and item i ∈ I respectively. The input of review
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Figure 1: The architecture of DAML model.

data is xu ∈ X the review data set of user u and si ∈ S the review
data set of item i respectively.

Output: The whole training process can be expressed as a func-
tion: fu : U ,X , I , S → R̂. The output of the model is the final pre-
diction rating R̂. That is, for any user u, we can get the prediction
rating r̂u,i based on the function fu : νUu ,ν Ii , xu , si → r̂u,i .

4 THE PROPOSED MODEL
There are two parts in the model: one is feature learning module;
the other is feature interaction module.

Feature learning module. The feature learning module con-
sists of two components: review-based feature learning component
and interaction-based feature learning component. The review-
based feature learning component utilizes the attention mechanism
of CNNs to learn the correlation between user preferences and
item features. The interaction-based feature learning component is
used to map users and items into low-dimensional dense vectors to
capture the nonlinear interaction of features.

Feature interaction module. We integrate the rating and re-
view features into a unified neural network model in the feature
interaction module. Then the neural factorization machine is used
to model the higher-order nonlinear interactions between latent
feature vectors.

4.1 Feature Learning Module
Review-based Feature Learning.The review-based feature learn-
ing exploits the convolution operation and attention mechanism of
CNNs to learn the relevant semantic information between user and
item features. Figure 2 is the architecture of review-based feature
learning.

Embedding look up layer: Given the review text xu ∈ X ,
which is composed of l words and can express the complete mean-
ing. In the embedding layer, the word vector model Glove [15] is
used to map each word in xu into word vector wi , then a review
text matrix D ∈ Rd×l is formed by concatenating these words in
order of their appearances in the review text and the order of words
is preserved.

D = [· · · , wi−1, wi , wi+1, · · ·] (1)

where d is the embedded dimension of each word,wi represents
the word vector of the i−th word in xu .

Local attention layer: Inspired by the work [18], we utilize
an attention sliding window to learn the weight of each word in
the reviews. We take the i−th word in the word vector matrix

Embedding look up 
layer

User reviews Item reviews

Embedding look up 
layer

 

Local attention 
layer

Mutual attention 
layer

Convolution 
operation

Convolution and 
pooling operation

Convolution and 
pooling operation

uh ih

Convolution 
operation

Figure 2: The architecture of dual attention mutual learn-
ing the relevance of user and item features. The ⊗ denotes
element-wise product, hu and hi denote user feature and
item feature respectively.

D ∈ Rd×l as the center word and ω is the width of sliding window.
The attention weight s(i) of the i−th word can be computed by the
parameter matrix WL_a and bias bL_a as follows:

wL−a,i = (wi+ −ω+12
,wi+ −ω+32

, . . . ,wi , . . . ,wi+ω−32
,wi+ω−12

)

s(i) =δ (wL−a,iWL_a+bL_a )
(2)

where δ denotes the nonlinear activation function, we use the sig-
moid function as the activation function. s(i) is the attention weight
of i−th word embedding which can be used to judge the importance
of the word in the sentence. According to the attention weight, the
word vector ŵi of i−th word can be computed as follows:

ŵi = s(i)wi (3)

where s(i) and wi are the attention weight and the word vector
of the i−th word respectively. The word vector matrix with local
attention weights can be expressed as follows:

D̂ = [· · · , ŵi−1, ŵi , ŵi+1, · · ·] (4)

Convolution operation:Given theword vectormatrix D̂ , the con-
volution operation is used to extract semantic information. Specif-
ically, the sliding window size ω of the j−th convolution filter is
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exploited to extract the local contextual feature c ji .

c
j
i =Wj

c ∗ D̂(:,i :(i+ω−1)) (5)

where ∗ is the convolution operation; Wj
c denotes the convolution

weight vector for the j−th convolution filter and D̂(:, i:(i+ω−1)) is
the slice of matrix D̂ within the sliding window starting at i−th
position. To produce l contextual features, we first pad ω − 1 zero
vectors at the end of matrix D̂ before the convolution operation.
Since shared weights in a convolution window can only capture
one type of contextual feature, we use multiple convolution filters
with different convolution weights to capture the context features
for each word. After convolution operation, the contextual features
at i−th position can be expressed as ci :

ci = [c1i , c
2
i , · · · , c

i
i , · · · , c

f
i ] (6)

where cfi is the contextual feature produced by convolution filter f
. Therefore, exploiting Equation (5), we can capture the contextual
features of user review text and item review text respectively:

U = [cu1 ,c
u
2 ,c

u
3 , · · · ,c

u
lu
]

V = [ci1,c
i
2,c

i
3, · · · ,c

i
li
]

(7)

where cuk and cij are the contextual feature vectors for thek−thword
and the j−th word in the user and item review text respectively. lu
and li are the lengths of the user and item review text respectively.

Mutual attention layer: Similar to [23, 26], we exploit a mutual
attention layer to study the correlation between user review and
item review. Specifically, we define a correlation scoring function
fr elation−score which exploits the Euclidean distance to calculate
the relevance between the user contextual features U and and the
item contextual features V, the correlation scoring can be calculated
as follows:

fr elation−score = 1/(1 + |cuk − c
i
j |) (8)

According to the correlation scoring function, the user-item pair
mutual attention matrix A ∈ RM×N can be obtained by Equation
(8):

A = fr elation−score (U,V) (9)

Each element in A denotes the correlation of user-item feature pair,
and each row Ak,∗ in the correlation matrix denotes the correlation
of each contextual feature cuk in U with the contextual features in
V. Similarly, A∗, j denotes the correlation between each contextual
feature cij in V with the contextual features in U. The correlation
weight дuk and дij of contextual feature c

u
k and cij can be computed

as follows:
дuk =

∑
A[k, :]

дij =
∑
A[:,j] (10)

Local pooling layer: Inspired by the work [28], we introduce
attention weighting as an alternative, but exploit average pooling
as a baseline as follows. Concretely, for the output feature map of
the mutual attention layer, we conduct a row-wise averaging over
slide window consecutive row to generate more abstract features
of higher granularity, and we can get the contextual features with

the weight of mutual attention:

tuk =
∑

k=k :k+ω
дuk · c

u
k

tij =
∑

j=j :j+ω
дij · c

i
j

(11)

where tuk ∈ U
u = [tu1 ,t

u
2 ,t

u
3 , · · · ,t

u
lu
] and tij ∈ V

i = [ti1,t
i
2,t

i
3, · · · ,t

i
li
]

denote the contextual features of the k−th position and the j−th
position of the user review and the item review respectively. In
order to extract more abstract features and reduce the noise of
irrelevant aspects, we stack a convolutional layer and an average
pooling layer on the local pooling layer. The abstract features can
be calculated as follows:

h
j
h = δ (Wj

aUuh:h+ω−1 + b
j
a )

hh =mean(h
j
1, · · · ,h

j
lu−ω+1

)

hu = [h1, · · · ,hf ]
(12)

whereWj
a denotes the convolution weight of the j−th convolution

filter, the size of the sliding window isω,b ja is the bias, the feature of
the j−th convolution filter at position h is hjh . The final contextual
feature hu with user-item correlation is obtained. Similarly, we can
obtain the item contextual feature hi . At last, we use a nonlinear
function to map the contextual feature to dimensional space to
complete recommendation tasks.

hu = δ (Wuhu + bu )
hi = δ (Wihi + bi ) (13)

where Wu and Wi denote the weight matrix of user and item
contextual features respectively, bu and bi denote the bias.

Rating-based feature learning.The one-hot encoded item and
user identity are taken as item feature vector ν Ii and user feature
vector νUu to describe user and item respectively. Then the feature
vector ν Ii and νUu are mapped to low-dimensional dense latent
factor vectors through the latent factor matrix Pu ∈ RM×K and
Qi ∈ R

N×K in the embedded layer, which are expressed as follows:

pu = PTu νUu
qi = QT

i ν
I
i

(14)

where pu and qi denote the interaction features of user and item
respectively.

4.2 Feature Interaction Module
To capture comprehensive user preferences and item characteristics,
we first fuse the two heterogeneous information features in the
feature interaction module. The user and item features after fusion
can be denoted as:

uu = hu + qu
vi = hi + pu

(15)

where uu and vi denote the final user and item features respectively.
We combine the features by concatenating them.

z=δ [u, v] (16)

Where z denotes the user-item features, and δ is the activation
function, [, ] combines the two features by concatenating them in
the hidden layer. Inspired by the work [7], we use the neural factor-
ization machines to capture the high-order nonlinear interaction
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of features, the objective function is expressed as:

r̂u,i (z) =m0 +
|z |∑
j=1

mjzj + f (z) (17)

In which z ∈ R |z | denotes the user-item feature vector, zj ∈ z is
the value of the feature j,m0 denotes the global bias,mj denotes
the coefficient for latent feature vector, f (z) models the high-order
interaction of features which can be expressed as:

f (z) =
1
2
[(

|z |∑
j=1

zjvj )2 − (
|z |∑
k

zkvk )
2] (18)

where zj , zk ∈ z denote the j−th and the k−th user-item feature
value, vj , vk ∈ Rs denote the embedding vector of feature j and k ,
and s is the embedding dimension. Similar to [27, 29], we capture
the higher-order interaction between features by stacking the multi-
layer full connection layer, the final predictive objective function
can be expressed as follows:

r̂u,i (z) =m0 +
|z |∑
j=1

mjzj + hTδL(WL(· · · δ1(W1 f (z)+b1) · · · )+bL)

(19)
where r̂u,i (z) denotes the prediction score, model parameter Θ =
{m0, {mj , vj }, h, {WL, bL}} , and δL represents the activation func-
tion. The added parameter {WL, bL} is mainly used for the higher-
order interaction of learning features compared with FM.

4.3 Joint Training
To learn the parameters of DAML model, we exploit the regression
with squared loss as the objective function:

J =
∑
(u,i)∈R

(r̂u,i − ru,i )
2 + λΘ | |Θ| |

2 (20)

where R is the user-item rating matrix, ru,i is the real rating of
user u for item i , r̂u,i is the prediction rating, Θ denotes all the
parameters. λΘ | |Θ| |2 is used as regularization to prevent the model
from overfitting. The entire framework can be effectively trained
by using end-to-end paradigm reverse propagation. Algorithm 1
illustrates the training process of the DAML model.

Algorithm 1 Joint Training of DAML Model
Input: user set U , user reviews X , item set I , item reviews S . one-

hot coding user rating features νUu and item rating features ν Ii ,
user rating latent factor matrix Pu and item rating latent factor
matrix Qi , the times of interactionT and the size of each batch
B.

Output: the prediction rating r̂u,i
1: begin
2: for t ← 1 to T do
3: Sample a batch β0 of (u, i, x, s,ru,i ) of size B.
4: J =

∑
(u,i)∈R

(r̂u,i − ru,i )
2 + λΘ | |Θ| |

2

5: Take a gradient step to optimize J
6: end for
7: until J converges or is sufficiently small
8: end

The parameters of DAML are optimized based on Equation (20)
with stochastic gradient descent (SGD) and backpropagation. That
is, the parameters for both two learning modules are jointly learnt.
For parameter update, we utilize Adaptive Moment Estimation
(Adam) [10] over mini-batches. Additionally, to prevent overfitting,
we adopt dropout strategy [20] to the neural factorization machines.

4.4 Time Complexity Analysis
In the local attention layer, the time complexity isO(p(luM + liN ))
whereM and N are the number of user and item reviews, p is the
embedded dimension, lu and li are the length of user and item
reviews respectively. In the convolutional layer, the time complex-
ity of updating weights and bias variables is O(p(mluM + nliN ))
where m and n denote the number of user and item contextual
features respectively. In the mutual attention layer, the time com-
plexity to calculate the user-item correlation isO(p(mluM +nliN ))
. For feature interaction module, the time complexity of feature
interaction is O(d(m + n)) , in which d is the dimension of inter-
action features. For hidden layer, the matrix-vector multiplication
is the main operation which can be done in O(dl−1dl ) , where dl
denotes the dimension of the l−th hidden layer. The complexity
of prediction layer is O(dL). As a result, the total time complexity
is O(p(2mluM + 2nliN+luM + liN ) + d(m + n) +

∑L
l=1 dl−1dl ). We

can see that the time complexity of the DACML model proposed in
this paper is mainly related to the dimension and quantity of latent
features when the number of users and items is fixed.

5 EXPERIMENTS
5.1 Datasets
We exploit five publicly available datasets that provide user reviews
and ratings. The five datasets are from Amazon 5-core [6], which
include reviews on Music Instruments, Office Products, Grocery
and Gourmet Food, Video Games, Sports and Outdoors. Since the
raw data is very large and sparse, we preprocessed it to ensure that
all users and items have at least one rating. To alleviate the long
tail effect of reviews, we follow the preprocessing steps used in [2]
to adjust the length of reviews. The characteristics of these datasets
are shown in Table 1.

In the experiments, we randomly split each dataset into three
parts: training set (80%), validation set (10%) and test set (10%). The
final performance comparison results derive from the test set.

5.2 Evaluation Metric
To evaluate the performance of DAML model, we exploit Mean
Absolute Error (MAE) as evaluation metric,

MAE =
1
N

∑
(u,i)∈R

|ru,i − r̂u,i | (21)

where r̂u,i denotes the prediction rating value, ru,i is the actual
rating, and N denotes the number of tested ratings.

5.3 Experimental Scheme
To comprehensively evaluate the performance of our proposed
DAML model, we design different strategies to evaluate the effec-
tiveness of the model.
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Table 1: Statistics of datasets used in this paper

Dataset #users #items #ratings Word per user Word per item density

Musical Instruments 1,429 900 10,261 170 163 0.798%
Office Products 4,905 2,420 53,228 203 172 0.449%

Grocery and Gourmet Food 14,681 8,713 151,254 177 155 0.118%
Video Games 24,303 10,672 231,577 148 135 0.089%

Sports and Outdoors 35,598 18,357 296,337 159 154 0.045%

Table 2: Performance comparison on five datasets for all methods. The best and the second best results are highlighted by
boldface and underlined respectively. ∆% denotes the performance improvement of DAML over the best baseline.

Method Musical Instruments Office Products Grocery and Gourmet Food Video Games Sports and Outdoors

PMF 1.137 1.265 1.397 1.395 1.203
NeuMF 0.7198 0.7301 0.9434 0.8693 0.7516
CDL 0.8336 1.062 0.9669 0.9018 0.8522

ConvMF 0.7860 0.7279 0.8634 0.8993 0.8235
DeepCoNN 0.7590 0.7109 0.8016 0.8752 0.7192
D-attn 0.7420 0.7161 0.8241 0.8422 0.7840
NARRE 0.6949 0.6807 0.7467 0.7991 0.6897
CARL 0.6766 0.6469 0.7534 0.7979 0.6864
DAML 0.6510 0.6124 0.7354 0.7881 0.6676
∆% 3.78 5.33 1.51 1.23 2.74

1. The comparison with existing state-of-the-art methods:
To evaluate the performance of the DAML model, we compare it
with eight state-of-the-art recommendation models, so as to verify
the effectiveness of the proposed model.

2. The influence of components and parameters: The im-
portant part of the DAML model: The dimension of the latent
feature and impact of latent feature interactions in the feature in-
teraction module are compared and analyzed.

3. The analysis of review-based feature learning: The local
attention layer and the mutual attention layer are analyzed, and the
latent features are visualized by heat maps to provide explanation
for the recommendation results.

5.4 Baselines
To verify the performance of the DAML model proposed in this
paper, we compared the model with the following state-of-art rec-
ommendation methods.

1. PMF [17]: Probabilistic matrix factorization is a standard
matrix factorization that exploits ratings for prediction rating alone.

2. NeuMF [8]: Neural network-based Collaborative Filtering
uses neural network to model the interaction between user and
item latent features for prediction rating.

3. CDL [25]: Collaborative deep learning model exploits SDAE
to extract effective deep features, and uses hierarchical Bayesian
model to realize the integration of ratings and reviews for rating
prediction.

4. ConvMF [9]: Convolutional matrix factorization model uses
CNN to learn the contextual features of review text, then integrates
the contextual features into the PMF for rating prediction.

5. DeepCoNN [30]: Deep collaborative neural network is based
on two parallel CNNs to learn the latent feature vectors of user and
item from user and item reviews respectively, and FM is used for
rating prediction.

6. D-attn [18]: Dual attention mechanisms are used to achieve
the interpretability of latent features of user and item.

7.CARL [26]:The context-aware user-item representation learn-
ing model exploits CNNs to learn the relevant features of user-item
pairs. A dynamic linear fusion mechanism is utilized to derive the
final rating score.

8.NARRE [2]:Neural attentional regression model exploits two
parallel CNNs and attention mechanism to learn the latent features
of reviews, and integrates the reviews and items to complete the
rating prediction.

5.5 Parameter Setting
We exploit the grid search to tune the parameters for all the base-
lines based on the setting strategies reported by their papers. For
PMF model, the Gaussian function is used to initialize user and item
latent features. For deep learning model, the learning rate is tuned
from [0.00001, 0.00002, 0.001, 0.002].The range of dropout ratio is
searched in [0.1, 0.2, 0.3, 0.4]. The size of the training batch is tested
in [50, 100, 150, 200], the dimension of latent features are turned
in [8, 16, 32, 64, 128]. By adjusting, the number of latent features
of CDL are set to 10 or 20, the noise size is set to 0.2. For the CNN
text training model, this paper uses the hyperparameters set in the
DeepCoNN model. The number of convolution kernels is 100, and
the size of the sliding window is 3. In addition, the embedding di-
mensions of words in all models are 100. Without special statement,
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the number of latent features is 32 and the size of dropout ratio is
0.2.

As the proposed DAML model in this paper, the dimension of
latent feature vector for user and item is 8, the sliding window size is
set to 3, the dropout rate is set to 0.2, the learning rate is 0.00001, and
the regularization parameter is tested in [0.001, 0.01,1,10,100]. All
subsequently discussed components were implemented in Python3
using the TensorFlow library 1.

5.6 Performance Comparison
The overall performances of all contrast methods based on the Ama-
zon 5-core datasets are shown in Table 2. We make the following
observations from the results.

The MAE of the rating estimations are shown in Table 2 for
the DAML model as well as the baseline models. We can see that
the DAML outperforms the baselines on the five datasets. PMF
performs the worst on these datasets. Similar method is NeuMF,
yet it significantly outperforms the PMF. This indicates that the
nonlinear interaction between latent features can offer better rec-
ommendation performance than the existing shallow models.

Among review-based baseline method. ConvMF, DeepCoNN and
D-attn are three CNN-based methods that perform better than CDL,
and such good performance should be attributed to CNNs, which
ensure the contextual features in review text to be extracted suc-
cessfully. The performance of D-attn model has great improvement
than DeepCoNN, especially on the dataset: Musical Instruments
and Video Games, which demonstrates that attention mechanism
can help to capture users’ preferences and items’ properties. For
other datasets, it delivers much worse performance when compared
with DeepCoNN model. One possible explanation is that the D-attn
model fails to model the high-order feature interaction which can-
not fully capture the complexity of user-item feature interactions.

CARL achieves significantly improvement over DeepCoNN, D-
attn and NARRE, which is consistent with the results reported in
[26]. This indicates that learning the dynamic correlation of user
and item reviews can yield a better understanding of user rating be-
haviors. The proposed DAML model achieves the best MAE scores
on the five datasets. We can observe that the average improvement
of DAML against the best baseline is 2.92%. This result demon-
strates that DAML is effective for rating prediction on datasets with
different features. Moreover, the significant performance gap be-
tween DAML and CARL validates that the distance metric method
of calculating the relevance of features, which can more intuitively
show the correlation between the features [13, 28]. And integrating
ratings and reviews into a unify network and the high-order non-
linear interactions of DAML model can capture more knowledge
about users’ preferences.

5.7 Analysis of DAML Model
We mainly analyze: the dimension of latent factors and the interac-
tion of latent features.
• The impact of latent factor dimension number

Figure 3 depicts the variation of latent factor dimension, which is
tuned from [8, 16, 32, 64, 128].We can see that with the change of the

1https://www.tensorflow.org/

dimension number, the performance of the DAML model changes
little. Even when the dimension number is much smaller, such as
8, the model achieves nearly optimal rating prediction accuracy in
the five datasets, so we believe the latent factor dimensions have
little effect on the experimental performance. With the increase of
latent factor dimensions, the MAE of these five datasets shows a
little improvement, while the time complexity of calculation has
been increased. Besides, it may cause over-fitting and impact the
performance of recommendation. Therefore, the dimension of the
latent factor is set to 8.

Figure 3: The plots of the impact of latent factor dimension
number.

• The impact of latent feature interactions
Table 3 shows the impact of the high-order nonlinear feature

interactions, we can see that the DAML model with the high-order
nonlinear feature interactions outperforms the DAML with general
factorization machines on the five datasets. This demonstrates that
the high-order non-linear interaction function can capture the cor-
relation between features in different modalities and improve the
recommendation performance

5.8 Analysis of Review-based Feature Learning
This section analyzes the impact of attention layers. We use the
heat map to visualize the latent features of attention layers.
• The impact of attention layer

Table 4 is the performance comparison with attention layers
and without attention layers. We remove the attention layers and
keep other parameter settings the same. We can see that the rec-
ommendation performance of the DAML is the best, the second
is review-mutual, the third best is the review-local, review-outatt
ranks the last in term of the recommendation list. The results in-
dicate that the local attention layer can effectively distinguish the
information words to reduce the noise disturbance and the mutual
attention layer is able to improve the recommendation performance
by identifying the relevance information for user-item pairs.
• The visualization of Attention Layer

Research Track Paper KDD ’19, August 4–8, 2019, Anchorage, AK, USA

350



Table 3: The impact of latent feature interactions. DAML-FM: The DAML model with factorization machines. DAML: The
DAML with neural factorization machines

Method Musical Instruments Office Products Grocery and Gourmet Food Video Games Sports and Outdoors

DAML-FM 0.6818 0.6320 0.7437 0.7930 0.6828
DAML 0.6510 0.6124 0.7354 0.7881 0.6676

Table 4: The influence of attention layers. Review-outatt: review-based feature learning without local attention layer and
mutual attention layer. Review-local: review-based feature learning with local attention layer and without mutual attention
layer. Review-mutual: review-based feature learning with mutual attention layer and without local attention layer.

Method Musical Instruments Office Products Grocery and Gourmet Food Video Games Sports and Outdoors

Review-outatt 0.7095 0.7540 0.9669 0.9018 0.8522
Review-local 0.6985 0.7138 0.7591 0.7958 0.6939
Review-mutual 0.6834 0.6945 0.7453 0.7864 0.6884

DAML 0.6510 0.6124 0.7354 0.7881 0.6676

Figure 4: The visualization of the local attention layer of
user and item review text. The left is the user review text
of a user, the right is the item review text of an item.

We randomly sample a user and an item review text from the Mu-
sical Instruments dataset to evaluation the performance of attention
layers, the results are shown in Figure 4 and 5.

Figure 4 is the visualization of the local attention layer. We can
see that the local attention layer can highlight some words with
important information. Such as the word “weight”, “guitar”, “de-
stroyed” and “Inexpensive” are highlighted in user review text,
these words include the information about the item and the senti-
ment preference of the user for the item’s different aspects. From
the item review text, “stereo”, “longer”, “cable” and “quality” word
which are related with the item have been selected. Hence, this
case shows that the local attention layer can select words with
important information about users and items from reviews.

Figure 5 is the heat map of mutual attention layer. Figure 5(a)
shows that the reviews of two different items written by the same
user. For the review of item1, the words, such as “gooseneck”,
“weight” and “sound” are highlighted which indicate that the user
pays more attention to the aspects of package, weight and sound.

Some sentimental words like “useless”, “destroyed” are found to be
highlighted in the user review text for item2. From the highlighted
information in the two heat maps of the same user, we can specu-
late that “weight”, “sound” and “price” aspects about item1 are the
focuses of the user, while “package” and “gooseneck” aspects about
item2 could be more importance instead. In Figure 5(b), we then list
the heat maps of the two item review texts confirm the speculations
made above. For item1, it is not difficult to see that some aspects
such as “small”, “channels” are highlighted. From item2’s review
text, we can see that many aspects related to the keyboard, and the
construction of the product are highlighted. The observed corre-
lations between the heat map of user review text and item review
text reveal that DAML can effectively capture relevant semantic
information in the reviews of the user-item pair.

6 CONCLUSION
In this paper, we presented a novel dual attention mutual learn-
ing between ratings and reviews for item recommendation model.
In this model, the local attention layer is developed to filter the
review information and the mutual attention layer can learn the
relevance of the user-item pairs. Besides, the ratings and reviews
are unified into a neural network. Then the neural factorization ma-
chines are introduced in DAML to capture the high-order nonlinear
interaction of the features. Experiments on five real-world datasets
from Amazon show that our method consistently outperforms the
existing state-of-the-art methods.
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(a) The review text of user for two items (b) The review text of different users for the same item

Figure 5: The visual results of word highlighting by mutual learning attentive weights in the review texts of user and item
respecitvely. (a) is the same user’s reviews on different items. (b) is the reviews of two different items.
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