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With the rapid development of social media on the 

Internet, many customers can now express their opinion on 

various kinds of products in discussion groups, merchant 

sites, their personal blog or review website. People can make 

comments on products they have purchased, and express 

individual information that is about feelings, evaluations, 

and sentiments. As a result, more and more online product 

reviews are becoming available on the internet. However, it 

is almost impossible for a customer to read all of the 

opinions and discern a consensus opinion about a product. 

Therefore, automated opinion discovery and summarization 

systems have emerged to assist people in making an 

informed decision. 

With this trend, sentiment analysis has grown out of this 

need. We can see the rising studies of analyzing opinionated 

information as a new research topic in natural language 

processing and web mining. Previous researches on this issue 

present various models that address different tasks of 

sentiment classification, subjective identification and aspect-

based sentiment analysis. Sentence level and document level 

classification are widely studies topic; they identify 

subjective sentences and classifies a review as positive or 

negative. However, these tasks are too coarse for most 

applications nowadays because computed sentiment values 

are not directly associated with the topics (i.e., entities or 

aspects of entities) discussed in the text. In contrast, aspect-

based evaluation identifies the targets of the opinion and 

estimate aspect sentiment score. The more complicated a 

task is and the more information that’s input or output, the 

more subtleties and complex techniques an intelligent web 

mining system needs. Thus, most of recent researches focus 

on the tasks of product aspect extraction, aspect aggregation, 

aspect term sentiment estimation. 

Our work is related but quite different from previous 

publications because we address the issue of aspect ratings 

and aspect weights by proposing a model that aims to 

represent customer reviews. The obtained representation is 

then used to generate the overall sentiment from a given 

review. Our model draws inspiration from prior work on 

sentiment analysis and distributed representations of words 

and phrases. We aim to develop a system that can utilize 

representation learning to predict product ratings from raw 

text representation to refined representation. Consider 

representation in our system to be a series of processing 

levels. The system starts processing at the lowest level (word 

representation) that is be a very specific representation and 

then, as levels increase, the representation becomes more 

aware of aspect rating representation. So that, the highest 

level of representation produces an overall rating as output. 
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With the rapid development of e-commerce, many customers can now express their opinion on various kinds of product at 

discussion groups, merchant sites, social networks, etc.  Discerning a consensus opinion about a product sold online is 

difficult due to more and more reviews become available on the internet. Opinion Mining, also known as Sentiment analysis, 
is the task of automatically detecting and understanding the sentimental expressions about a product from customer textual 

reviews. Recently, researchers have proposed various approaches for evaluation in sentiment mining by applying several 

techniques for document, sentence and aspect level. Aspect-based sentiment analysis is getting widely interesting of 

researchers; however, more complex algorithms are needed to address this issue precisely with larger corpora. This paper 

introduces an approach of knowledge representation for the task of analyzing product aspect rating. We focus on how to form 

the nature of sentiment representation from textual opinion by utilizing the representation learning methods which include 
word embedding and compositional vector models. Our experiment is performed on a dataset of reviews from electronic 

domain and the obtained result show that the proposed system achieved outstanding methods in previous studies. 
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As a result of the above analysis, it was found that aspect 

based is the most important application in opinion mining. 

The issue of product aspect extraction is getting widely 

interesting of researchers; however, to address this issue 

precisely is highly desired. To address this need, this 

literature offer a brief summary of the previous work in the 

context of ensemble methods for sentiment analysis. 

Text summarization [1] emphasizes identification and 

extraction of certain core entities and facts that are 

packaged in a document. The extraction framework 

identifies certain segments of the text that are most 

representative of the document’s content. Moreover, the 

summarization of multiple documents is generated by 

selecting sentences that cover the most specific word 

associations within the documents. Our work is related but 

different from traditional text summarization. We do not 

summarize the reviews by rewriting a subset of the original 

sentences from the reviews to capture their main points as in 

traditional text summarization, but sought to represent 

reviews at different sentiment levels from textual sources to 

overall estimation. 

Opinion mining can be classified into three subtasks topic: 

sentiment classification [2-4], subjective identification [5, 6] 

and aspect-based sentiment analysis. For example, 

sentiment classification classifies a review as expressing a 

positive or negative opinion. This task is also commonly 

known as document-level sentiment classification because 

the whole review is considered the basic information unit. 

The next level of sentiment analysis is subjective 

classification, which focuses on identifying subjective 

sentences. Sentiment analysis at both the document and 

sentence level are useful but they do not determine what 

people liked and disliked. Thus, algorithms are needed to 

digest a massive amount of information and extract aspects 

and the corresponding opinions. Herein, the task is focused 

on extracting product features that customers refer to in 

their reviews. To overcome this problem, researchers have 

proposed various approaches for evaluation based on 

frequent nouns [7, 8], topic modeling [9, 10], opinion target 

relations [11-13], and supervised learning [14-17]. Our work 

builds upon these researches in aspect ratings. 

With progress of machine learning techniques in recent 

year, word embedding models become possible to train more 

complex Natural Language Processing (NLP) system on 

much larger data set, and they typically outperform the 

simple models. Vector-based models capture the rich 

relational structure of the lexicon by presenting words with 

vectors that encode continues similarities between words as 

distance between word vectors in a high-dimensional space. 

The early work proposed by Bengio et al. focus on word 

vector representations as part of simple neural network 

architecture for language modeling [18]. Subsequently, a 

rapid spread and adoption in NLP was sparked when 

Mikolov et al. introduced an efficient model for learning 

high-quality distributed vector representations that capture 

a large number of precise syntactic and semantic word 

relationships [19, 20]. Hence, this approach has proven 

useful in NLP tasks such as part of speech tagging, word 

sense disambiguation, machine translation, named entity 

recognition, information retrieval, text classification, and 

web mining [21-29]. 

Recently, word2vec models gained popularity in neural 

network language model since they allow keeping semantic 

information by analyzing text in a sliding window depicted 

in FIGURE 1. Word2vec encode each word in a vector by 

representing words against other words that neighbor them 

in the training corpus. It does so in one of two ways, either 

using context to predict a target word (a method known as 

continuous bag of words, or CBOW), or using a word to 

predict a target context, which is called skip-gram. These 

models architecture is illustrated in FIGURE 2.  

The CBOW architecture is similar to the Feedforward 

Neural Net Language Mode (FNNL)[18, 20]. It consists of 

input, projection, hidden and output layers.  At the input 

layer, N previous words are encoded using 1-of-V coding, 

where V is size of the vocabulary. The input layer is then 

projected to a projection layer P that has dimensionality 

N×D, using a shared projection matrix. The projection layer 

is shared for all words; thus, all words get projected into the 

same position. CBOW based model is highly useful in 

identifying missing word in sentence or long phrase, bigram 

extracting, effective sentiment orientation. 

Our model draws inspiration from prior work on 

sentiment analysis and distributed representations of words 

and phrases. 

At both the document-level and the sentence-level, 
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FIGURE 1. Text analyzing in sliding window of size 5 
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FIGURE 2. Word2vec can be further categorized into continuous bag 
of words based architecture and skip gram based architecture. 
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estimated opinion values are indirectly related to the topics 

(i.e., products or aspects of products) expressed in the text. 

They are useful, but they are too coarse for most 

applications. In contrast, the aspect-based sentiment 

analyses found in recent surveys [30, 31] use more 

information from the review. To allow for an appropriate 

level of depth, we here emphasize a specific subtask of 

aspect-level analysis: identify aspect ratings from customer 

reviews. Opinion values on individual aspects affect the 

aggregate opinion about a product to varying degrees. Our 

work thus addresses the issues of feature-based summaries of 

product reviews [13]. In this paper, we focus on how to 

perform aspect-level sentiment analysis task based on 

representation learning methods. However, before going into 

the details of the task, we need to define the terminology of 

our system. 

Reviews — Reviews,  R = {r1, r2 , … , r|R|}  is a set of 

unstructured textual documents that contain opinions about 

a product.   

Opinion — An opinion is defined as a quintuple 

(ej, ajk , soijkl , hi, tl)  [13, 30], where ej  is a target entity 

(product), ajk  is an aspect of entity ej  (product aspect), 

soijkl is the sentiment score of the opinion held by opinion 

holder hi about aspect ajk of entity ej at time tl, hi is an 

opinion holder, and tl  is the time when the opinion was 

expressed.  

Aspect — An aspect is also known as a feature of the 

product that is the opinion target. The aspect can be one of 

these terms: a part of the given product, an attribute of the 

given product, or an attribute of a known aspect of the given 

product. A product can also be an aspect. Let 

ej =  {aj1 , aj2 , … , aj|ej|}  is a set of |ej| aspects of entity ej. For 

example reviewers comment on aspects of camera such as 

battery, screen, lens, picture quality and so on.  

Aspect ratings — Aspect ratings of entity  ej  from 

review rr  R , denoted by ARjr = {arjr1 , arjr2 , … , arjr|Aj|} , is |Aj| -

dimensional vector, where arjrk  is aspect rating score of 

aspect ajk from the reviewrr. Aspect rating arjrk is obtained 

from opinions in the review rr corresponding to aspect ajk. 

Aspect rating weights — Aspect rating weights of entity ej 

from review rr  R , denoted by ARWjr =  {jr1, jr2 , … ,jr|Aj|} , is 

|Aj|-dimensional vector, where jrk indicates the weighting 

of aspect arjrk on review rr. For normalization purposes, we 

ensure that the value for any jrk in the interval [0, 1] and 

the sum of entries ∑ jrk
|Aj|

1  is 1. 

To allow for an appropriate level of depth, we here 

emphasize a specific subfield of aspect-level analysis: aspect 

ratings based on representation learning methods. The 

system takes a set of reviews R =  {r1 , r2, … , r|R|} as input and 

produces overall rating as output. The algorithm performs 

aspect ratings by combining information gained from 

individual aspect ratings based on a multilayer 

representation. The overall experimental architecture is 

illustrated in FIGURE 3. 

The system architecture involves six main levels of 

representation from raw text representation to summary 

representation that implies the overall rating. These stages 

are described in detail in the following sections. 

Word Representation Stage — The word representation 

layer transforms each word from the given review into the 

corresponding semantic vector using the word embedding 

technique. The CBOW model is applied to generate word 

representation. In other words, a word is placed into a 

semantic space that obtained by learning a large corpus. 

Hence, word embedding model exploit distributional 

hypothesis by learning word vectors based on the local 

context of words. This probabilistic model on the other hand 

utilizes word co-occurrences across documents to identify 

topically related words. 

Given a set of review reviews R =  {r1 , r2, … , r|R|}, suppose 

that each review 𝑟𝑟 𝑅  contains a set of sentences 𝑟𝑟𝑘 =

 {𝑠𝑟𝑘1 , 𝑠𝑟𝑘2 , … , 𝑠𝑟𝑘|𝑆𝑟𝑘|} related to aspect 𝑎𝑗𝑘. Suppose that each 

sentence 𝑠𝑟𝑘𝑝  contains a set of words denoted by srkp =

 {wrkp1 , wrkp2 , … , wrkp|srkp|} and each word wrkpq is represented 

by a vector denoted by vrkpq . More generally, the word 

representation layer simply encodes each word into the 

corresponding semantic vector based on CBOW architecture.  

Sentence Representation Stage — In this stage, words are 

combined to generate the sentence representation by 

applying a composition model [32-34]. Assume that, 𝑠𝑟𝑘𝑝 

indicates a sentence that includes |srkp|  word vectors 

denoted by  {wrkp1 , wrkp2 , … , wrkp|srkp|}  and each word is n -

dimensional vector. The process of composition, known as 

sentence representation, computes the representation vector 

of  S by the sum of its word vectors.  

𝑣(𝑠𝑟𝑘𝑝) =  ∑ 𝑓(

𝑛

𝑖=1

𝑤𝑟𝑘𝑝(𝑖−1) +  𝑤𝑟𝑘𝑝𝑖) 

Where v(srkp) is the computed representation vector of 

sentence srkp , (wrkp(i−1) +  wrkpi) is element-wise weighted 

addition of two components wrkp(i−1)  and wrkpi . The 
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Cross-Sentence Representations
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Aspect Ratings

Overall Rating

Textual Sources 
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FIGURE 3. The proposed system: levels of representations from raw 
text representation to abstract representation. 
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composition function f(wrkp(i−1) +  wrkpi)  is hyperbolic 

tangent functions, defined as:  

f(wrkp(i−1) +  wrkpi) = tanh (wrkp(i−1) +  wrkpi) 

In other words, sentence representation layer capture 
bigram information, using a non-linearity over bigram pairs 
in its composition function:  

v(srkp) = ∑ tanh (wrkp(i−1) +  wrkpi)

n

i=1

 

 More generally, the use of a non-linearity enables the 
model to learn interesting interactions between words in a 
review [35]. 

Cross-Sentence Representation Stage — We aim to 

determine the influence of global contextual information on 

sentiment analysis.  Indeed, considering the review as a 

whole can help to resolve ambiguities and inconsistencies. At 

this state, a cross-sentence context-aware technique is used 

to serves as an auxiliary information source for sentence 

representation.  

Given a source sentence srkp that contains a set of words 

srkp =  {wrkp1 , wrkp2 , … , wrkp|srkp|} , we consider its related 

sentences in the same review rr R as cross-sentence context 

RSsrkp
. These related sentences are determined based on the 

dependence of all words in srkp upon exploiting certain 

syntactic relationship. A sentence 

srkq =  {wrkq1 , wrkq2 , … , wrkq|srkq|} is related to sentence srkp  if 

there exists a wrkqy srkq and a wrkx srkp that satisfies the 

word wrkqy is related to wrkx.Here, syntactic relationship is 

obtained from dependency relations and associated 

annotations. 

Aspect Representation Stage — The system takes 

obtained sentence representation as input and produces an 

aspect representation as output. The algorithm performs 

aspect representation by composing sentence representations 

using compositional vector model. Furthermore, a 

multilayer layers neural network is used in order to capture 

the relationship between aspects. Thus, the system utilizes 

the shared information between aspects to enrich the 

knowledge of the representation. 

Aspect Ratings Stage — The aspect representation is then 

transferred to higher representation. Each element is a 

vector that represents the corresponding aspect. The system 

performs a process of computing the aspect ratings and 

aspect weights by fitting the weighted sum over all elements 

to the overall rating. Concretely, the sigmoid function is 

used to calculate the aspect rating and the parameters is 

obtained from the learning process. 

Overall Ratings Stage — The highest level of 

representation would be processed using a weighted sum 

function. The algorithm determines the importance degree 

of aspects and obtains the overall rating. 

In this work, we focus on how to perform aspect-level 

product aspect ratings and weightings based on 

representation learning methods. However, before going into 

the details of the learning model, we need to clarify the 

system model. 

Given: A source reviews R =  {r1 , r2, … , r|R|} , an entity 

(product) ej  contains a set of product aspect 

ej =  {aj1 , aj2 , … , aj|ej|},  is a set of system parameter (unknown 

parameters) 

The task: To learn system parameters   in order to 

perform aspect ratings and aspect weights. 

Assume that V =  {w1 , w2 , … , w|V|} is dictionary, each word 

wt V is represented by a one-hot vector x(wt) of size |V|. 

Given a sentence S including n words S =   {w1 , w2 , … , wn} a 

window size of m, a target word 𝑤𝑖 is predicted based the 

on the global context C =  {wi−m, … , wi−1, wi+1, … , wi+m} . By 

applying CBOW model, the system takes one-hot vectors of 

context words in C as input and produces one-hot vector of 

the word 𝑤𝑖 as output. The CBOW model is illustrated in 

FIGURE 4 illustrated in which P1  and P2  are learning 

parameters. The parameters P1 R|V|×k , P2 Rk×|V|  are the 

connection weight matrixes between input layer and 

projection layer, projection layer and output layer, 

respectively. We note that the 𝑡 -th (1 t  |V|)  row of 

P1 R|V|×k  is k-dimensional embedded vector for word wt , 

and the l -th (1 l  |V|)  column of P2  is k -dimensional 

embedded vector for word 𝑤𝑙. The model aims to predict 

target word 𝑤𝑡 from bag-of-words context in terms of word 

vectors. The context is surrounding words in windows of 

radius m of center word. The probability p(wt|context), which 

has a loss function, e.g. J = 1 − p(w−t|context), look at many 

position 𝑡  in a big corpus, keep adjusting the vector 

representation of word to minimize this loss function. The 

conceptual objective function is described as follows: 

J′() =  ∏ ∏ p(wt|wt+j;  )−m≤j≤m(j≠0)
T
t=1  (1) 

In which,  is parameters of model that represents all 

variables we will optimize. It is going to be the vector 

representation of the words. The notation p is probability 

to a word appearing in the center word given a context; m 

indicates a window of size 2m; t + j indicates each position 

in the text; T implies taking the whole of corpus and go 

through each position in the text; J′ is objective function 

that maximizes the probability of any center word given the 

context words. 

In practice, the function J′()  can be turned to log 

probabilities by using Negative Log-Likelihood as follows:  
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FIGURE 4. The CBOW based architecture. 
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 J() =  −
1

T
∑ ∑ log p−m≤j≤m (j≠0)

T
t=1 (wt|wt+j) (2) 

Rather having probability the whole corpus, we can solve 

by taking the average (
1

𝑇
 ) over each position (normalization). 

Furthermore, math gets easier to work by swapping between 

problems of maximizing and minimizing things. Softmax is 

known as a standard map from RV  to a probability 

distribution. Hence, Softmax pi =  
eui

∑ e
uj

j
 can be applied in J() 

by using word c  to obtain probability of word o . For  

p(wt|wt+j)  the simplest first formulation is 

p(o|c) =  
exp(uo 

T vc)

∑ exp(uw
T vc)V

w=1
 (3), where o is the center word index, c 

is the context (outside) word index, vc and uo are context 

and center vectors of indices o  and c . Note that uw
T vc 

indicates how similar each word is to vc.  

Using Softmax function, the learning problem becomes: 

J() =  −
1

T
∑ ∑ log 

exp(uo 
T vc)

∑ exp(uw
T vc)V

w=1
−m≤j≤m (j≠0)

T
t=1  (4) 

We can change parameters by using gradient to maximize 

the probability we predict J1() =  log 
exp(uo 

T vc)

∑ exp(uw
T vc)V

w=1
 (5) 

Let suppose we look at the context word, partial 

derivative with respect to the context word is applied for 

equation (5) as follows: 

J1
′ () =  

∂

∂vc

log
exp(uo

Tvc)

∑ exp(uw
T vc)V

w=1
 (6) 

J1
′ () =  

∂

∂vc

 (log exp(uo
Tvc) − log ∑ exp(uw

T vc)

V

w=1

) 

J1
′ () =  

∂

∂vc

 uo
Tvc −   

∂

∂vc

 log ∑ exp(uw
T vc)

V

w=1

 

 J1
′ () =  uo −   

∂

∂vc

 log ∑ exp(uw
T vc)V

w=1  (7) 

Using the chain rule (𝑓 ° 𝑔(𝑥))
′

=  𝑔′(𝑥)𝑓′(𝑔(𝑥)) (8), the 𝐽1
′ () 

in equation (7) becomes: 

J1
′ () =  uo −   

1

∑ exp (uw
T vc)V

w=1

∂

∂vc

 ∑ exp(ux
Tvc)

V

x=1

 

J1
′ () =  uo −   

1

∑ exp(uw
T vc)V

w=1
 ∑

∂

∂vc

V
x=1 exp(ux

Tvc) (9) 

Applying the chain rule (8), the 𝐽1
′ () in equation (9) is 

updated as: 

J1
′ () =  uo −   

1

∑ exp(uw
T vc)V

w=1

 ∑ exp(ux
Tvc)

V

x=1

 ux 

J1
′ () =  uo − ∑

exp(ux
Tvc)

∑ exp(uw
T vc)V

w=1

V

x=1

   ux =  uo − ∑ p(x|c)

V

x=1

   ux 

Finally, 𝐽1
′ () is written as: 

J1
′ () =  

∂

∂vc

=  uo − ∑ p(x|c)

V

x=1

ux  

Where uo is observed and ∑ p(x|c)V
x=1 ux is expectation of 

the probability that word x occurs given any context word c. 

To minimize J()  over the entire training data, the 

algorithm requires computing gradients for all windows. 

Parameters is updated for each element of  with step α 

θj
new =  θj

old −  α
∂

∂θj
old

J(θ) 

In other words, we will update parameters after each 
window t using stochastic gradient descent: 

θnew =  θold −  α
∂

∂θold
J(θ) 

In matrix notation for all parameters: 
θnew =  θold −  α∇θ J(θ) 

 

In general, there are three kinds of metrics for evaluati

ng an aspect-base system: Root Mean Square Error (RMSE) 

on aspect rating prediction, aspect correlation inside reviews, 

and aspect correlation across reviews prediction. Typically, 

RMSE is the standard deviation of the residuals (prediction 

errors). Residuals are a measure of how far from the 

regression line data points are; RMSE is a measure of how 

spreads out these residuals are and defined as RMSE =

 √(f − o)2̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ,  where f  is forecasts (expected values), o  is 

observed values (known results) and the bar indicates the 

mean. 

Hence, in order to evaluate the performance of the aspect 

ratings, we use the same formula to verify experimental 

result, RMSE =  [∑ ∑
(rf−ro)2

|D||A|

|A|
a=1

|D|
d=1 ]

1

2
, where Σ  is summation, 

(rf − ro)2  i s  squared difference, |D|  and |A|   are size of 

reviews and aspects, and |𝐷||𝐴| indicates the sample size.  

A large number of sources is needed for a knowledge-

based system. However, to demonstrate how our method 

works in practice, we evaluate Customer review data
1
 and 

the SemEval-2016 Laptop Reviews-English
2
. These review 

collections are used to test our new system and to evaluate 

its performance. The Customer review data are a collection 

of annotated customer reviews of five products that were 

collected from amazon.com. They are labeled with respect to 

product aspect and their opinions. The SemEval-2016 

Laptop is distributed in the context of the SemEval 2016, 

which annotated aspect categories and sentiment polarity 

labels at the text level. The obtained results of aspect 

ratings through the RMSE evaluation measure is shown in 

following table.  

As shown in the Table 1, we achieved satisfactory 

experiment results. The aspect ratings task was evaluated 

on camera reviews and it showed the RMSE score of 0.793. 

Meanwhile, the evaluation of aspect ratings based on laptop 

reviews showed the RMSE score of 0.768. A model in 

previous study [7, 36] was implemented in order to evaluate 

the effectiveness of using higher aspect representation layer. 

The experiment shows that our system performs a better 

result than the related works.  

                                           
1  https://www.cs.uic.edu/~liub/FBS/sentiment-analysis.html#datasets 
2  http://alt.qcri.org/semeval2016/task5/index.php?id=data-and-tools 

TABLE 1. EXPERIMENTAL RESULTS 

METHODS RMSE 

Camera Laptop 

 Latent Rating Regression 0.806 0.794 

 Our experiment 0.793 0.768 
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The structured knowledge representation, gained from 

learning process, can be used for deep inference. We can 

exploit such group aspects by mining different words and 

phrases that aim to describe the same product aspect. For 

example, in our experiment we found that display, screen, 

lcd refer to the same aspect for camera. Similarity, disk, hdd, 

ssd refer to the same feature for laptop. This kind of 

observation is used in the extensional parts of our system to 

analyze the relationship between sentiment and aspect, 

opinions and actions, and so on. Since reviews contain 

subjective and objective information, we have a lot of 

problems to deal with such as writing style, uncompleted 

sentence, short text, grammatical errors, informal text, 

internet slang, emotion, comparison, domain dependence, 

sarcastic statement, and so on. We had improved the system 

to address above issues.  

This paper made an attempt to address product ratings 

issues based on multilayer representation architecture. Our 

work focuses on how to utilize the representation learning 

methods to obtain sentiment representation from textual 

customer review. Our models benefit from larger contexts, 

and would be possibly further enhanced by other 

information, such as aspect-opinion relations. This strategy 

may offer a new approach to address the issue of aspect-

based sentiment analysis in large corpora and potentially 

apply in challenging tasks, such as implicit aspect inference, 

aspect grouping, and so on.    
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