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Abstract. Textual reviews of items are a popular resource of online
recommendation. The semantic of reviews helps to achieve improved
representation of users and items for recommendation. Current review-
based recommender systems understand the semantic of reviews from a
static view, i.e., independent of the specific user-item pair. However, the
semantic of the reviews are personalized and context-aware, i.e., same
reviews can have different semantics when they are written by differ-
ent users or towards different items. Therefore, we propose an improved
recommendation model by reconstructing multiple reviews into a per-
sonalized document. Given a user-item pair, we design a cross-attention
model to build personalized documents by selecting important words in
the reviews of the given user towards the given item and vice versa.
A semantic encoder of personalized document is then designed using
a cross-transformer mechanism to learn document-level representation
of users and items. Extensive experiments on three real-world datasets
demonstrate the effectiveness of the proposed model.

Keywords: Recommender system · Personalized reconstruction ·
Cross attention · Cross transformer

1 Introduction

Recommender systems have played an increasingly important role in online col-
laboration by helping people establish connections with interested items, e.g.,
information pieces, products or other users. Towards more effective items rec-
ommendation, an essential problem of recommender systems is to understand
the users and items on semantic level. Therefore, auxiliary texts, e.g., reviews are
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widely used to improve the representation of users and items. Auxiliary reviews
are an excellent source of understanding users’ interests and items’ characteris-
tics, which can improve the performance of predicting users’ rating on items and
alleviate the issue of data sparsity and cold start. In this direction, one main
challenge is to obtain valuable semantic information from large-scale auxiliary
reviews and another consequent challenge is to make the information acquisition
personalized, i.e., depending on each special user and item.

To improve the semantic recommendation, in this work, we focus on rating
prediction, which is a main task of recommender systems. On predicting users’
rating on items, many current works have been proposed. As one of the most
widely used recommendation techniques, collaborative filtering has achieved suc-
cessful results based on the use of users’ ratings of items [1–3]. For example,
Probabilistic Matrix Factorization (PMF [3]) uses probability matrix factoriza-
tion technology to learn the potential factors among the user’s rating matrices
for items. However, this type of method has a serious problem of sparsity, and
the predicted score can only reflect the user’s overall satisfaction with a certain
product, and lacks interpretability. With the development of e-commerce, users
are more and more willing to post their reviews on purchased products on e-
commerce platforms. Textual reviews contain rich information that can describe
the characteristics of users and products, and the use of review information is
proved to be able to alleviate data sparseness and cold start problems. Therefore,
a lot of work using review information to enhance the recommender system has
been proposed in the task of rating score prediction [4–12]. The initial approaches
of using reviews are mainly to obtain potential features in reviews through topic
modeling [4,11]. For example, the RMR [13] proposes an interpretable LDA [14]
model to extract potential features in item review documents. The shortage of
existing topic-based methods is dealing with textual reviews as bag-of-words,
which loses the information of word order, resulting in the inability to fully
capture the semantic information of the reviews.

Recently, in order to extract potential semantic features from reviews more
comprehensively, many neural network-based rating score prediction models have
been proposed, such as DeepCoNN [15], NARRE [5], DAML [16] and MRCP [17].
Since the convolutional neural network(CNN) can captures the local features and
contextual semantic information of the review text, these methods usually use
CNN to extract features of the reviews. For example, the DeepCoNN model
learns the feature representation of users and items through the parallel CNN
on the semantic features of user and item review documents, and performs rating
score prediction.

Current methods of using review information can be mainly divided into two
types: document-based methods and review-based methods. Although review-
based methods have achieved significant improvement in rating score prediction,
they still lack effective interpretability for complex scoring behaviors. Document
refers to connecting all reviews of users/items into a long text, and document-
based methods aim to combine the semantic of single reviews to a more advanced
global semantic. Liu et al. [18] has proved that document-based and review-based
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methods are complementary in the task of rating score prediction. That is, the
document-based method and the review-based method can capture the coarse-
grained and fine-grained features of reviews, respectively.

For current document-based methods, we indicate two problems: (1) In order
to avoid the long tail effect of review documents, all current document-based
methods obtain static partial review documents through data preprocessing,
e.g., DeepCoNN [15]. As input, partial review documents lose a lot of review
information, and may not be able to fully obtain the coarse-grained charac-
teristics of users and items. (2) Current document-based methods only model
the word-level relationship between the documents of users and items. However,
the document-level matching is believed to be more effective to utilize global
semantic, which is the essential advantage of document-based strategy [16,19].

Therefore, to solve these two problems, we propose to reconstruct reviews into
compressed personalized documents which can be dealt with as a unit instead
of being cut into pieces. The compressed personalized documents are personal-
ized built by identifying the most informative words from reviews of the certain
user towards a certain item or vice versa. The identified words are organized
into a personalized document in proper semantic order. A cross attention strat-
egy is designed to effectively identify informative words. Then we encode the
global semantics of compressed personalized documents of users and items with
improved CNN layers. Furthermore, to learn more comprehensive features, we
also incorporate document-level and review-level modeling into a unified frame-
work.

In summary, our major contributions are as follows:

(1) We propose a neural recommendation model that reconstructs reviews into
personalized documents and extracts coarse-grained features of users and
items by modeling the semantic of personalized documents. To the best of
our knowledge, we are the first to build personalized review documents for
the recommender system.

(2) We propose a cross-attention mechanism to identify important words for
personalized document construction. Personalization is achieved by obtain-
ing in-depth word-level interaction features and context-aware interaction
features. We design a novel transformer mechanism to learn the interaction
feature representation between user-item pairs.

(3) Experimental results on three real-world datasets show that our model is
more accurate in predicting users’ rating scores than best-performing base-
lines. At the same time, it also reveals that personalized reconstruction of
reviews helps to better capture coarse-grained features.

2 Related Work

In this section, we will review the recent studies which are most related to the
works of review-based recommender system.
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2.1 Review-based Recommendation with Topic Modeling

Due to the “data sparsity” and “cold start” problems of the collaborative filter-
ing methods based on user-item interaction, researchers have introduced review
information to the recommender system. Initial works use topic modeling tech-
niques to learn potential topic features from review texts [4,6,11,13]. For exam-
ple, HFT [11] uses a LDA-like topic model to extract potential topic features of
reviews for scoring prediction. TopicMF [4] uses MF technology to jointly model
the user-item rating data and topic features of reviews. RBLT [20] utilizes rat-
ings to promote reviews, and then combines review text and ratings to model
user and item features in the shared space theme. These methods outperform
models that rely solely on the user-item rating matrix. However, these bag-of-
words-based models ignore the word order in the reviews, and cannot learn the
local context information.

2.2 Document-Level Recommendation

Recently, document-level methods have been proposed to improve review-based
recommendation. These coarse-grained recommender system methods directly
combine reviews into a long document for learning the representation of users
and items. For example, DeepCoNN [15] uses parallel CNN to learn the charac-
teristics of users or items from review documents. D-Attn [21] uses local attention
to learn the document-level feature representation of users and items. CARL [7]
learns the interaction between user-item pairs of potential features based on con-
text awareness, and uses it to make rating score predictions. DAML [16] uses the
local and mutual attention of CNN to jointly learn the characteristics of reviews.
A common problem of current document-level methods is to ignore the diverse
and complex interactions between users and items.

2.3 Review-Level Recommendation

With the introduction of attention mechanism, in order to further improve the
performance and interpretability of recommender systems, many fine-grained
review-level methods have been proposed. For example, NARRE [5] introduces
an attention mechanism to obtain the importance of each review on users or
items, and provides review-level explanations for rating score prediction. In order
to further filter reviews and words, MPCN [19] uses a common attention net-
work based on Gumbel-softmax to dynamically select reviews and words that
are important to target users or items. Dong et al. [22]. believes that user con-
tent is heterogeneous while item content is homogeneous. Therefore, they pro-
posed the AHN model, which uses co-attention at the sentence-level and review-
level to guide the representation learning of the user/item related to the target
item/User. In order to increase the interpretability of fine-grained semantic fea-
tures, MRCP [17] dynamically learns the feature representation of users and
items through a three-layer attention framework of word-level, review-level and
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aspect-level. Although these review-level-based methods can capture more fine-
grained features, they cannot effectively understand the coarse-grained features
of users and items.

Compared with current methods, our proposed model can not only recon-
struct ordered personalized review documents but also uses a transformer mecha-
nism to capture the in-depth interaction characteristics between users and items.

3 Methodology

In this section, we present our proposed method Recommendation with Per-
sonalized Reconstruction of Reviews (PPRR) in detail. The overview of PPRR
is shown in Fig. 1. The model has three stages: review document reconstruc-
tion network(Re-Doc-Net), document-level compiler(Doc-Net), and review-level
compiler(Review-Net). The interactive attention characteristics of users and
items are captured from word-level and review-level respectively. We will intro-
duce the details of our model (PPRR) in detail below.

Fig. 1. In the framework of our PPRR method, the three main components are: review
document reconstruction network (Re-Doc-Net), document-level encode network (Doc-
Net), and review-level encode network (Review-Net).
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3.1 Probem Definition

Suppose there is user set U , item set I and the rating matrix R ∈ R|U |×|I|, where
the entry R ui indicates the rating of user u ∈ U towards item i ∈ I. For a user
u, the reviews written by u can be noted as ru = {ru,1, · · ·,ru,n} where n is the
number of reviews. For an item i, all reviews towards i can be represented as
ri = {ri,1, · · ·,ri,m} where m is the number of reviews. For a single review r,
we represent it as r = {wr,1, · · ·, wr,t} where t is the length of r. Additionally,
we reconstruct each ru or ri into document. We denote the document of ru as
du = {wu

1 , · · ·, wu
T }, and denote document of ri as di =

{
wi

1, · · ·, wi
T

}
where w

and T are the words in the document and the number of words, respectively.

3.2 Overall Framework of PPRR

The proposed PPRR model has three main stages: dynamically selecting infor-
mative words by cross attention to build compressed personalized documents of
users and items, encoding the compressed personalized documents with CNN
layers, and involving the review-level features into document-level representa-
tion.

In detail, we firstly design a personalized document builder to dynamically
extract the most informative words in reviews. The informative words are per-
sonalized identified according to the semantic relation between certain users and
items. That is, given a pair of users and items, we identify the words in the
item’s texts that are more relevant to the user and vice versa. A cross-attention
model is designed to make the personalized identification of informative words.
Afterwards, the extracted informative words are organized into compressed per-
sonalized documents keeping their order in original reviews, which avoids the
disadvantage of bag-of-words.

Sequentially, for obtaining compressed personalized documents, we design
a document encoder to learn document-level semantic representations of users
and items. We use transformers to involve the context characteristics of docu-
ments and the characteristics of each word. Finally, we learn the document-level
semantic representation of documents through CNN layers.

As supplement, we also involve a parallel review encoder to learn the review-
level features of users and items. At the review-level, we learn the feature rep-
resentation of each review through the weight of each word obtained by the
previous cross attention model. Then, the review feature is used as query vector,
and the weight of each review is obtained through the cross-attention mechanism.

Finally, we fuse the document-level and review-level semantics to obtain the
final comprehensive representations of users and items for rating score prediction
in recommendation.

3.3 Review Document Reconstruction Network (Re-Doc-Net)

Word Embedding Layer. Given a review r = {w1, w2, · · ·, wt} which has
t words, we fill all words into an embedding matrix W d×|V | where V is the
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Fig. 2. The document reconstruction network of our PPRR approach, which uses the
target ID embedding as the query vector, and obtains the weight of each word through
the cross-attention mechanism. In addition, the three operations of Select Top T
Layer, Rank layer, and Word selector all sort and select words on the vocabulary
without any parameters.

vocabulary of words, d is the dimension of each word vector. Then the embedding
vector of review r is r ∈ Rt×dw.

ID Embedding Layer. IDs are usually regarded as identity information of the
corresponding user and item in recommender system. Therefore, by encoding
the IDs of users and items into low-dimensional vectors uid and iid, the ID
embeddings are denoted as

IDu
r =

{
IDu

r,1 · ··, IDu
r,n

}
, IDi

r =
{
IDi

r,1 · ··, IDi
r,m

}
(1)

where IDu
r ∈ Rn×z and IDi

r ∈ Rm×z are the matrix of user’s reviews ID embed-
ding and item’s reviews ID embedding, respectively. z is the dimension of ID
embedding.

All ID embeddings are initialized randomly, where the ID embeddings of
users and items can not only index the identity of each user, but also learn the
attention query vector of the words of each user or item. In addition, user and
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item review ID embedding can be used to characterize the usefulness of user and
item reviews.

Convolution Layer. We utilize CNN to extract the semantic feature of r. It
consists of K different convolution filters, and each a filter f ∈ R

l×dw where l is
the filter window size which produces features by applying convolution operator
on word vectors matrix. Then, jth filter produces its features as:

cj = ReLU(r ∗ fj + bj) (2)

where bj is the bias, ∗ is the convolution operation and ReLU is a nonlinear
activation function. Then, the final features C = {c1, c2, · · ·, cK} produced by
the K filters. Thus the m-th row of C ∈ Rt×K is the feature of the m-th word
in the review ru,i, denoted as cm ∈ RK .

Cross Attention over Word Level. After the above two layers, we have
obtained the feature vectors of all IDs (uid, iid) and the semantic features of
all words (C). For the same user, the importance of words in different item
reviews is different. Therefore, in order to capture the importance of words in
different contexts (contextual semantic features), we introduce the ID embedding
of the target item, generate word-level cross-attention query vectors through a
Multilayer Perceptron (MLP), and then capture the importance of words through
a cross-attention mechanism:

qu
w = ReLU

(
Wu

wiid + b
)

(3)

gx = qu
wAcx, αx =

exp (gx)
t∑

j=1

exp (gj)
, αx ∈ (0, 1 ) (4)

where qu
w is the user word-level query attention vector derived from the

corresponding item, Wu
w is parameter matrix, A is the harmony matrix in

attention, αx is the attention weight of the m-th word of a review. ReLU is
a nonlinear activation function. Then, we aggregate the reviews according to the
weight of the words in each review to obtain the feature vector of the review:

hu,x =
t∑

j=1

αx,jcx,j , then the review feature vector matrices of users and items

are hu ∈ Rn×z and hi ∈ Rm×z respectively.
In order to obtain the user’s coarse-grained characteristics more compre-

hensively and to capture the full contextual awareness information (contextual
semantic information) to the greatest extent, we dynamically selected the X
most important words in the user’s reviews under the current target item and
reconstructed ordered personalized review documents as shown in Fig. 2. The
specific implementation method is as follows:

top αu, top idxu = TopX (Rank (α )) (5)

idxu, idx idxu = Rank (top idxu) (6)
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du = Select ([r1 ⊕ r2 · · · ⊕rn] , idxu), αu
dw = Select (top αu, idx idxu) (7)

where Rank(·) is the sorting method, which sorts the internal parameters in
descending order, α is the weight of all words in user reviews, TopX(·) is the
method of selecting the top X from the internal parameters, top αu, top idxu is
the weight and position subscript of the first x words with the highest previous
importance, respectively, idxu, idx idxu a represents the weight subscripts and
the subscripts of the subscripts after reordering the first X weight subscripts.
Select(·) is to select important words and weights in user reviews based on sub-
scripts, where du is a newly constructed vector of ordered review documents,
αu

dw is the weight of each word vector in du. The above process only sorts the
data, and does not add any parameters to the model. Similarly, we can obtain
new ordered item review-documents di and word weights αi

dw through the above
methods.

3.4 Document-Level Encode Network(Doc-Net)

From the review document reconstruction network, we have constructed a new
ordered user review document du and item review document di. The document-
based compilation network is shown in Fig. 3, in order to further obtain user-
item complex interaction features and contextual information, We integrate ID
embedding information and word position embedding information into each word
embedding, and then use the transformer to capture the interaction features at
the word-level. The specific calculation method is as follows:

Fig. 3. The Doc-Net of our PPRR approach, which is mainly for feature extraction of
personalized review documents, where the cross-transformer mechanism is mainly to
dynamically enable word-level information to include target word-level and contextual
features.
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du
w = ReLU

(
Wu

wuid + b
)
, di

w = ReLU
(
Wi

wiid + b
)

(8)

pu = du + du
w + posu, pi = di + di

w + posi (9)

where Wu
w and Wu

w are parameter matrices, du
w and du

w are the word-level
query attention vector of the review-document, posu and posi are user and item
position encodings with the same dimensions as the word embedding, and the
encoding method is the same as that of Transformer.

Qu = WQ
u pu, Ku = WK

u pu, Vu = WV
u pu

Qi = WQ
i pi, Ki = WK

i pi, Vi = WV
i pi

(10)

dT
u = Trans(Qu, Ki, Vi), dT

i = Trans(Qi, Ku, Vu) (11)

where WQ
u , WK

u , WV
u are parameter matrices related to the user. WQ

i , WK
i ,

WV
i are parameter matrices related to the item. Trans(·) is the encoder of the

transformer mechanism. dT
u and dT

i are the encoded review-document vectors.
Then, we capture the feature matrix wu of all words of dT

u through the
convolutional neural network. Through the above process, we have obtained the
weight αu

dw of each word embedding in the user review document. Finally, we
obtain the representation vector of the review document Du of user u based on
the item i via weighted summation of all words:

Du =
T∑

j=1

αj
uwu,j (12)

Likewise, We can get the feature representation Di of the item review document.

3.5 Review-Level Encode Network(Review-Net)

As shown in Fig. 4, in order to capture the fine-grained features of users and
items, we introduce user and item review ID embeddings (IDu

r ∈ Rn×z, IDi
r ∈

Rm×z ) to model the quality of reviews, and capture the interactive features
between user and item reviews through cross attention method. From the above
process, we have obtained the review feature vector matrices hu,r and hi,r of
users and items. The calculation method is as follows:

fu = ReLU
(
W u

r hu,r + W u
ridID

u
r + b1

)
(13)

where W u
r ∈ Rk×z ,W u

rid ∈ Rz×z, b1 are model parameters. ReLU is a nonlinear
activation function. Then, we obtain the feature fi of the item in the same way.
Then the user-item correlation matrix is calculated as follows:

ej = W
(
fufT

i )+b , αj =
exp (ej)

n∑

k=1

exp (ek)
, αj ∈ (0, 1 ), (14)
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Fig. 4. The Review-Net of our PPRR approach, which mainly extracts the features of
each review, and the cross-attention mechanism is mainly to dynamically obtain the
weight of each review.

where W ∈ Rm is the weight matrix of the fully connected layer. α ∈ Rn is the
weight matrix of user reviews, which represents the importance of each review,
then the fine-grained feature of users based on reviews is Ru :

Ru = W1

⎛

⎝
n∑

j=1

αjhu,j

⎞

⎠ + b. (15)

where W1 ∈ Rk×z and b are the weight matrix of the fully connected layer.
Then, We use the same method to obtain the final fine-grained feature vector
Ri of the item based on reviews.

3.6 Rating Score Prediction Layer

After the above process, we have obtained the characteristics of users and
items at the document-level and review-level. Since document-level features and
review-level features can describe the coarse-grained features and fine-grained
features of users/items, respectively, and the ID embedding of users/items can
identify their identity information, we can better perform rating score predic-
tions by combining these three features. Then the final latent features of users
and items are denoted as u and i respectively. The calculation method is as
follows:

u = Du ⊕ Ru ⊕ uid

i = Di ⊕ Ri ⊕ iid
(16)

where ⊕ is the concatenation operator.
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Next, We use Latent Factor Model(PFM), which is widely used for scor-
ing prediction, to make the final score prediction. The predicted rating R̂u,i is
computed as follows:

R̂u,i = W 2
T (u ⊕ i )+bu + bi + μ (17)

where W 2
T is the linear transform matrix of the LFM, bu, bi and μ are user

bias, project bias and global bias, respectively. Since our task is to make rating
score predictions, we utilize the Mean Square Error (MSE) function to train our
model:

Lsqr =
∑

u,i∈Ω

(
R̂u,i − Ru,i

)
2 (18)

where Ω denotes the set of instances for training, and Ru,i is the ground
truth rating assigned by the user u to the item i.

4 Experiments and Analysis

4.1 DataSets and Experiments Settings

DataSets. In order to prove the effectiveness of our method, we selected real
datasets of three fields of Digital Music, Office Products, and Tools Improvement
from Amazon1 core datasets as the data for our experiment. These datasets
contain the actual ratings (1–5) and review texts made by users on the items.
Following the preprocessing steps used in [5,17], we solve the long-tail effect
of reviews by maintaining the length and number of reviews that can cover
p(p = 0.85) percentage of users and items. The detailed information of the
datasets is shown in Table 1.

Table 1. Comparison of effects between various models.

Datasets # Users # Items # Rating # Avg.

review

length

# Words

per user

# Words

per item

Density(%)

Digital music 5,540 3,568 64,666 69.57 216.21 266.51 0.327

Office products 4,905 2,420 53,228 48.15 197.93 229.52 0.448

Tools improvement 16,638 10,217 134,345 38.75 162.53 212.48 0.079

For evaluation, for each data set, we randomly split 80% of the data as the
training set and 10% as the validation set and test set where the validation set
for hyper-parameter validation. We ensure that the training set contains at least
one user-item interaction, and does not contain any reviews in the validation set
and test set.

1 http://jmcauley.ucsd.edu/data/amazon/.

http://jmcauley.ucsd.edu/data/amazon/
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Baselines. We compare the proposed PPRR with the following state-of-the-art
rating score prediction methods:

• PMF [3]: Probabilistic matrix factorization is a standard matrix factorization
that only utilizes rating data to model the characteristics of users and items.

• RBLT [20]: This method utilizes a rating-boosted method to combine reviews
and ratings to learn the item recommended and user preference distribution
in a shared topic space.

• DeepCoNN [15]: This method utilizes two parallel CNN networks to learn
the feature representations of users and items from user review documents and
item review documents, and then performs rating score predictions through
FM.

• D-Attn [21]: In order to increase the interpretability of recommendations,
the model uses local and global dual attention to capture the interpretable
features of users and items.

• NARRE [5]: This method utilizes a neural attention mechanism to capture
the importance and potential features of different reviews, and then combines
the reviews and items to make rating predictions.

• MPCN [19]: This method introduces the Gumbel-softmax pointer mecha-
nism into the neural network to jointly learn and pay attention to the user-
item in-depth interaction.

• DAML [16]: The model uses the dual mechanism of local and mutual atten-
tion to jointly learn the features of reviews, and combined the rating features
to complete the final rating score prediction.

• CARP [7]: CARP uses the capsule network to learn the feature representa-
tions of users and items from review documents and infer the corresponding
emotions to increase the interpretability of rating score predictions.

• MRCP [17]: MRCP comprehensively learns the feature representation of
users/items from word-level, review-level, and aspect-level by using a three-
layer attention framework.

• NRCA [18]: This model proposes a neural network recommendation method
under the cross-attention framework, which combines document-level and
review-level features of users and items, which can more comprehensively
capture the representation of users and items.

In addition to the methods mentioned above, there are many well-known
methods, such as HFT [11], ConvMF [23], TARMF [10], ANR [24]. These
approaches were not involved because they did not perform as well as other
baseline methods in our experiments.

Hyper-parameter Settings. In experiments, we used pre-trained word
embeddings with 300-dimensions which are trained on more than 100 billion
words from Google News to initialize our word embedding. The dimension of
the user or item ID embedding (i.e., d) is 32, the number of convolution filters
neurons k is 100 (tuning in 50, 100, 150, 200), and the window size of CNN (i.e.,
l) is 3. The number of words T we choose to construct the review document is
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set to 200. For the Transformer encoding part, we set the overall default number
of layers to 1, and the number of multi-head attention layers to 10. We show the
performance of the model under different length of review document in Sect. 4.4.
In addition, we utilize dropout technology to alleviate the overfitting problem of
the model, and the internal dropout ratio of the transformer mechanism of the
model is set to 0.5, and the rest of the dropout ratio is set to 0.75. All weight
matrices in the model are initialized with a normal distribution with a mean
value of 0.0 and a standard deviation of 0.1, and all biases are initialized to 0.1.
The non-linear activation function is ReLU .

For the optimization of the model, we utilize the Adam optimization strategy,
set the learning rate to 0.004, and the weight decay to 0.001. At the same time,
using the validation set to tune the overall hyper-parameters of the model.

Evaluation Metric. For the task of rating score prediction in this work, we
utilize the well-known Mean Square Error (MSE) as the evaluation metric. Lower
MSE indicates the predicted rating R̂u,i is closer to the ground truth rating Ru,i:

MSE =
1

|Ωt|
∑

(u,i)∈Ωt

(
R̂u,i − Ru,i

)
2 (19)

where Ωt is the set of the user-item pairs in the testing set.

4.2 Performance Evaluation

The experimental results of all methods over the three datasets are shown in
Table 2, in which we have the following observations and analysis:

(1) The review-based method outperforms the rating-based method (i.e.,
PFM [3]), which demonstrates the advantage of reviews by involving seman-
tic information.

(2) The neural network method outperforms the topic-based method (i.e.,
RBLT [20]). The main reason is that the neural network can well capture
the semantic information in the review and better learn the characteristics
of the user/item.

(3) The performance of the method using attention mechanism (i.e., D-Attn,
DML, NARRE, MRCP) is generally better than the method without atten-
tion (i.e., DeepCoNN), which is mainly because the utility of each word or
review may be different, and the attention mechanism can pay attention to
these differences.

(4) There is no obvious difference between the document-based method and the
review-based method, but our PPRR method achieves the best performance
in all data sets by reconstructing the review document at the review-level
to capture the fine-grained and coarse-grained features. This experimental
result proves the effectiveness of the proposed PPRR model.
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Table 2. Comparison of our model PPRR and each baseline method on MSE.

Type Method Datasets

Digital music Office products Tools improvement

Rating-based PFM [3] 1.206 1.092 1.566

Topic-based RBLT [20] 0.870 0.759 0.983

Document-based DeepCoNN [15] 1.056 0.860 1.061

D-Attn [21] 0.911 0.825 1.043

DAML [16] 0.813 0.705 0.945

CARP [7] 0.820 0.719 0.960

Review-based NARRE [5] 0.812 0.732 0.957

MPCN [19] 0.903 0.769 1.017

MRCP [17] 0.801 0.702 0.928

Review-and-documnet NRCA [18] 0.795 0.691 0.929

Proposed method PPRR 0.779 0.678 0.923

4.3 Discussion

In our model, we use word and review level attention to indicate the personal-
ized importance of different words and reviews, and then build a new ordered
review document by selecting the most important words, and finally combine
the fine-grained features of the review level and coarse-grained features of the
document level to learn a comprehensive representation of users and items. In
this section, we use ablation experiments to study the effectiveness of the impor-
tant components of the model, which mainly include three components: review
document reconstruction network (Re-Doc-Net), review compiler (Rev-net), and
cross-transform (Transformer). Therefore, we designed multiple variants for abla-
tion experiments as follows:

• PPRR-IT: the model removes the review-level module, and the input of
document-level module is an externally preprocessed static review docu-
ment(IT).

• PPRR-ST: the model removes the review-level module, and the input of
the document-level module is reconstructed by the document reconstruction
(ST).

• PPRR-R: the document-level modules are removed from the model.
• PPRR-RS: the model removes the document-level transform mechanism.
• PPRR-RIS: the model removes the review-document reconstruction, and

uses an external static review document as input in the document-level mod-
ule.

The experimental results are shown in Table 3. We set all the ablation experi-
mental model parameters to the default values of PPRR. First of all, from the
experimental results of the review-level based module (PPRR-R) and document-
level module (PPRR-ST), which verified the review-level module and document-
level module of the model are effective in capturing the coarse-grained and
fine-grained features of users/items. Secondly, the experimental effect of the
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Table 3. MSE comparison of different components of model PPRR.

Variant Datasets

Digital music Tools inprovement Office products

PPRR-IT 0.7806 0.9251 0.6835

PPRR-ST 0.7796 0.9246 0.6808

PPRR-R 0.7823 0.9246 0.6819

PPRR-RS 0.7809 0.9234 0.6796

PPRR-RIT 0.7832 0.9236 0.6813

PPRR 0.7791 0.9230 0.6776

static review-document model (PPRR-IT) is worse than that of the personalized
review-document level model (PPRR-ST), which can be seen that the personal-
ized reconstruction of the review-document can more comprehensively capture
the user/item Coarse-grained features. In addition, we suppose that each word
in the review-document can better learn the user/item features after capturing
each word of the target document and the contextual features, so we set up the
PPRR-RS model, and the experimental results prove our conclusion.

4.4 Hyper-Parameters Analyses

In this section, we analyze three key hyper parameters in the model: the length
of the reconstructed review document, the number of layers of the transformer
mechanism, and the number of convolution filters to explore the effectiveness
of the hyper parameters for our model. Through experiments, we found that
when the length of the reconstructed review document is T = 200, the number
of transform mechanism layers is 1, and the number of convolution kernels k
= 100, the model has the best effect. Here we only show the length of the
reconstructed review-document.

Effect of Review-document Length. Considering that the length of the
review document plays a very important role in the overall performance of our
model PPRR, we analyze the influence of the length of the review document on
{100,200,300,400,500,600} through experiments on all datasets. The experimen-
tal results are shown in Table 4. From the experimental results, we find when
the length of the review document T = 200, the model works best, which shows
that the document length is not as long as possible.
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Table 4. The result of different review-document length in PPRR.

Review-document length Datasets

Digital music Tools inprovement Office products

T = 100 0.7820 0.9248 0.6811

T = 200 0.7791 0.9231 0.6776

T = 300 0.7820 0.9304 0.6802

T = 400 0.7838 0.9253 0.6812

T = 500 0.7806 0.9212 0.6810

T = 600 0.7795 0.9263 0.6800

5 Conclusion

In this article, we propose a neural recommendation model that can reconstruct
reviews into personalized documents and integrate review-level features. In the
reconstructed document, we represent the personalized semantic of the reviews
of a certain user towards a certain item and vice versa by modeling the person-
alized importance of each word in the reviews. We propose a cross-transform
mechanism to achieve the personalized importance calculating by integrating
contextual semantic features of each word. Experimental results on three Ama-
zon public data sets show that the proposed model can effectively improve rec-
ommendation performance compared with state-of-the-art baselines. And the
reconstruction of personalized documents of reviews is verified to be the essen-
tial advantage of the proposed model.
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