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ABSTRACT
Sentiment analysis has been widely explored in many text domains,
including product reviews, movie reviews, tweets, and so on. How-
ever, there are very few studies trying to perform sentiment analysis
in the domain of peer reviews for scholarly papers, which are usu-
ally long and introducing both pros and cons of a paper submission.
In this paper, we for the first time investigate the task of automati-
cally predicting the overall recommendation/decision (accept, re-
ject, or sometimes borderline) and further identifying the sentences
with positive and negative sentiment polarities from a peer review
text written by a reviewer for a paper submission. We propose
a multiple instance learning network with a novel abstract-based
memory mechanism (MILAM) to address this challenging task. Two
evaluation datasets are constructed from the ICLR open reviews
and evaluation results verified the efficacy of our proposed model.
Our model much outperforms a few existing models in different
experimental settings. We also find the generally good consistency
between the review texts and the recommended decisions, except
for the borderline reviews.

CCS CONCEPTS
• Information systems→ Sentiment analysis;Clustering and
classification;

KEYWORDS
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1 INTRODUCTION
Nowadays, with the rapid development of scientific research, more
and more scholarly papers have emerged. At the same time, one of
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This paper presents low-rank bilinear pooling
that uses Hadamard product. The paper implements · · ·
· · · · · ·

I like the insights about low-rank bilinear pooling using Hada-
mard product presented in the paper. However, it could not be
justified that low-rank bilinear pooling leads to better perfor-
mance than compact bilinear pooling. It does lead to reduction
in number of parameters but it is justification of why low-rank
bilinear pooling is better than other forms of pooling.
Prediction: Accept
Summary:
[+0.19] I like the insights about low-rank bilinear pooling leads· · ·
[+0.12] The paper presents new insights into element-wise · · ·
[+0.06] The paper presents a new model for the task of VQA · · ·
[+· · · ] · · ·
[- 0.12] it could not be experimentally verified that low-rank · · ·
[- 0.11] I would like the authors to provide experimental · · ·
[- 0.05] It is not very clear from reading the paper.
[-· · · ] · · ·

Table 1: An example of peer review text and the analysis re-
sults. The above block is an example peer review for a schol-
arly paper, and the below block is the analysis results we
hope for: predicting the overall recommendation status and
identifying the opinionated sentences in the review (plus
the sentiment polarity score of each sentence).

the best way to evaluate those papers is peer review (also known as
refereeing) [3]. For most journals and conferences in the computer
science field, peer review is used to help decide whether a paper
submission should be accepted or rejected. Usually, a professional
reviewer writes a detailed review text to introduce both the pros
and the cons of a submitted paper and then gives an overall score
to recommend a decision status (typically accept or reject).

However, it is still unknown whether the review texts and the
recommendation scores are consistent with each other or not. If
not, the review submission system should warn the reviewer if
there is any potential mistake in review scores. Moreover, if we
can automatically highlight the reviewer’s controversies (e.g., the
major pros and cons in the review text) on the submitted paper, it
will not only help the chair to write a comprehensive meta-review,
but also be convenient for authors to further improve their paper.

In order to address the above problems, we investigate the sen-
timent analysis task in the new domain of peer review texts for
scholarly papers, which makes an important step in the area of
sentiment analysis and artificial intelligence. As a first step in this
research direction, the task investigated in this paper is simply
defined as predicting the overall recommendation status (accept,
reject, or sometimes borderline) and identifying the sentences with
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positive and negative sentiment polarities from the peer review
text. For illustration, the above block in Table 1 is an example re-
view (The original text of this review text contains 399 words, due
to space limit, we have to intercept a small fragment here as an
example). In the review text, the contribution of the paper is first
summarized, and then the reviewer expresses his opinions about
the paper, including both positive aspects (see the underlined text)
and negative aspects (see the italic text), We hope to be able to
automatically determine the overall recommendation status (i.e.,
Accept) of the reviewer and discovering reviewer’s opinions from
this review text (see the below block in Table 1).

Sentiment analysis is a hot topic in the researches of natural
language processing and has been investigated for a long time. Some
researchers have applied sentiment classification to a wide range of
text domains such as product reviews [4, 9, 20, 24, 39, 41, 51], movie
reviews [20, 27, 33, 41], tweets [10, 14, 18, 32], news articles [15],
etc., and they have achieved some significant advances in these
domains. But there is very few research on sentiment classification
of the peer review texts, not only because the peer review corpus
is hard to obtain but also because of the following main challenges.
• Long length. In our evaluation datasets constructed from
the ICLR open reviews, the average length of the review text
is about 299 words, and longer text makes it more difficult
to capture the overall sentiment polarity.
• Mixture of non-opinionated and opinionated texts. A
review text contains a summary of the contributions or con-
tent in the paper. In many reviews, the points regarding
the writing are also contained, e.g., typos and grammatical
errors. The reviewer’s opinionated text is mixed with the
non-opinionated text, and it is not easy to separate them.
• Mixture of pros and cons. In a review, the reviewer usually
talks about both merits and shortcomings of the paper. A
paper usually has a few merits and a few shortcomings, so
it is difficult to capture the key points of the reviewer as
evidence for overall recommendation.

In this study, we propose aMultiple Instance Learning Network
with a novel Abstract-based Memory mechanism (MILAM) to ad-
dress this challenging task. Our neural network model is elaborately
designed based on multiple instance learning network (MIL) [2].
Moreover, by considering the abstract information of a scholarly
paper as memories, it leverages the relevant memories to control
the representation of each sentence in the review text. We collect all
peer review texts of ICLR-20171, ICLR-20182 (International Confer-
ence on Learning Representations) as evaluation datasets which are
publicly accessible on the OpenReview website. Evaluation results
show that our proposed neural network model outperforms several
baseline methods in different experimental settings, including some
of the state-of-art neural network models for text classification and
sentiment classification. The predicted recommendations for all
reviews of a paper can be aggregated to predict the final decision
(accept or reject) of the paper. Moreover, our model can well identify
opinionated sentences with polarity scores from the review text
and the reviewer’s opinions can be used to help authors to further
improve their paper.

1https://openreview.net/group?id=ICLR.cc/2017/conference
2https://openreview.net/group?id=ICLR.cc/2018/Conference

We also find that the accuracy of overall recommendation pre-
diction (accept and reject) achieved by our model can be improved
by about 10 points if the borderline reviews are removed. Empirical
analysis shows that the borderline reviews are hard to be classi-
fied. The results indicate the generally good consistency between
the review texts and the recommended decisions, except for the
borderline reviews.

The major contributions of this paper are summarized as follows:

1) To the best of our knowledge, we are the first to investigate the
sentiment analysis task in the domain of peer review texts for
scholarly papers. Moreover, we built two evaluation datasets by
using all peer reviews of ICLR-2017 and ICLR-2018.

2) We propose a multiple instance learning network with a novel
abstract-based memory mechanism (MILAM) to address this
challenging task.

3) Extensive experiments are conducted and evaluation results
demonstrate the efficacy of our proposed model and show the
great helpfulness of using abstract as memory. We also draw
some interesting conclusions by empirical analysis.

In the rest of this paper, we will first introduce related work,
and then describe our proposed model and discuss the evaluation
results. After that, we conclude this paper.

2 RELATEDWORK
2.1 Sentiment Classification
Most of the sentiment analysis researches focus on sentiment clas-
sification, which aims to determine the sentiment polarity (i.e.,
positive or negative) of a text. In the past fifteen years, sentiment
classification techniques have been applied in various text domains,
including product reviews [4, 9, 20, 24, 39, 41, 51], movie reviews
[20, 27, 33, 41], tweets [10, 14, 18, 32], news articles [15], and so
on. The methods for sentiment classification can be coarsely cate-
gorized into lexicon based methods [36, 41] or machine learning
based methods [4, 14, 18, 27], and machine learning based meth-
ods, especially the neural network models [10, 20, 32, 33, 39, 51],
have demonstrate superior performance. However, to the best of
our knowledge, sentiment classification techniques have not been
applied in the domain of peer reviews for scholarly papers.

2.2 Multiple Instance Learning
In order to extract the reviewer’s opinions (the opinionated sen-
tences in the review text), our models adopt a multiple instance
learning (MIL) framework [19]. MIL deals with problems where
labels are associated with groups of instances or bags (reviews in
our case), while instance labels (sentence-level polarities) are unob-
served. The initial MIL made the strong assumption that a bag is
negative only if all of its instances are negative, and positive other-
wise ([11, 25, 50]), and subsequent work relaxed this assumption
and made it more suitable for the task at hand. Recently, MIL tech-
niques have been widely used in various tasks, such as drug activity
prediction [11], image retrieval [25], object detection [8, 49], text
classification [1], image captioning [44], paraphrase detection [47],
information extraction [17] and sentiment analysis[2, 22, 28, 37].



But none of their work was applied to the challenging task of sen-
timent analysis of peer review texts, while we proposed a novel
abstract-based memory mechanism to address the task.

2.3 Memory Network
Traditional deep learning models (RNN, LSTM, GRU, etc.) use hid-
den states or attentionmechanisms to leverage extra data(memories),
but thosemethods have too little memory space to accurately record
the entire contents of data, that is, they lose a lot of information
when encoding input into dense vectors. However, memory net-
work uses a external memorymodule to save extra data (the abstract
text in our case) and jointly learns with the goal of using it for pre-
diction. Memory network is a general machine learning framework
introduced by [43] and has made great success in question answer-
ing [23, 26, 30, 35, 43], dialogue system [5, 12, 42] and so on[38, 40].
Different from the above, here we propose a novel abstract-based
memory mechanism, with the intuition to leverage the abstract text
to reduce the effects of irrelevant noise (like repeating the contents
of the paper) in the review text, which may confuse the classifier.

2.4 Study on Peer Reviews
Several studies have tried to automatically predict peer reviews’
helpfulness or assess the quality of peer reviews. In these studies,
the peer reviews are not limited to peer reviews for scholarly pa-
pers, but contain peer reviews for students’ work. For example, [6]
presented machine learning technologies applied for classifying
peer comments in writing (specific vs. non-specific, praise vs. criti-
cism), and SVM achieved a noteworthy performance. [46] proposed
a system for generating automatic assessments of reviewing perfor-
mance with respect to problem localization at the reviewer-level,
and demonstrated the feasibility of detecting reviewers who have
low problem localization in reviewing. [45] further showed that the
utility of generic features in predicting review helpfulness varies
between different review types. [31] used effective data prepro-
cessing techniques along with latent semantic analysis and cosine
similarity to determine the quality, tone and quantity of review
comments. [48] proposed to use decision-tree based classifier to
evaluate a review’s quality. However, these tasks are related but
different from the sentiment analysis task addressed in this study.

3 FRAMEWORK
In order to address the task of sentiment analysis of peer review
texts, we proposed a multiple instance learning network with a
novel abstract-based memory mechanism, named MILAM. Our
neural network model is elaborately designed based on multiple
instance learning network (MIL), and it leverages the abstract infor-
mation to control the representation of each sentence in the review
text by introducing memory mechanism. We first describe the gen-
eral architecture of our model and then introduce the abstract-based
memory mechanism used in it.

3.1 Architecture
The architecture of our proposed model (MILAM) is shown in Fig-
ure 1. The whole model can be divided into three layers. The input
representation layer aims to transform each sentence of the review

text and the paper’s abstract text into their distributed representa-
tions using sentence embeddings with Convolutional Neural Net-
work(CNN) [7, 20]. In sentence classification layer, by considering
representations of the abstract information as memories, we obtain
new high-level representations of each sentence in the review text
by leveraging relevant memories. After that, we use the softmax
function to get the sentence-level distribution over sentiment labels.
At the review classification layer, we predict the review’s overall
sentiment label (i.e. overall recommendation / decision) based on
the sentiment label distributions of sentences and a document at-
tention mechanism.

Input Representation Layer: The inputs of our model are the
word sequences of the review textTr eview and the paper’s abstract
text Tabstract . The texts Tr eview and Tabstract contain n andm
sentences respectively, and each sentence is composed of several
words. We represent each word wi ∈ R

d as a fixed-size vector
by looking up from pre-trained word embeddings, where d is the
dimension of the word vector. And a sentence S of length L (padded
where necessary) is represented as

S = w1 ⊕w2 ⊕ · · · ⊕wL , S ∈ R
L×d , (1)

where ⊕ is the concatenation operator. Thus we use {Sri }
n
i=1 and

{Saj }
m
j=1 to represent the review text and the paper’s abstract text

respectively.
After converting sentences into embedding vectors, the convolu-

tional layer aims to get high-level representations of the sentences
in the review text and the abstract text. The convolutional layer
extracts local features by sliding a window of length l (i.e., 3 in this
study) over the text and performs a convolution within each sliding
window, and the output of the k-th sliding window is computed as

fk = tanh(Wc ·Wk−l+1:k + bc ), (2)
whereWk−l+1:k denotes the concatenation of l word embeddings
within the k-th window in sentence S ,Wc is the convolution matrix
and bc is the bias. We use multiple filters, and for the q-th filter,
it is applied to each possible window of words in the review text
{W1:l ,W2:l+1, · · · ,WL−l+1:L } to produce a feature map

f (q ) = [f (q )1 , f
(q )

2 , · · · , f
(q )
L−l+1], (3)

with f (q ) ∈ RL−l+1 . After that, we apply a max-pooling operation
to obtain the most salient feature for the input review text

uq =max { f (q ) }. (4)
Supposing the number of the filters we used is z, for sentence

S , we can get its representation [uq]zq=1. Finally, after the input
representation layer, the representations of the review text {Sri }

n
i=1

and the abstract text {Saj }
m
j=1 are denoted as [Ii ]ni=1, [Mj ]mi=1 respec-

tively. where Ii ,Mj ∈ R
z .

Sentence Classification Layer: In this layer, we want to obtain
new high-level representations of sentences in the review text by
leveraging relevant abstract information. Given Ii , which is the
representation of Sri , we can obtain a matched attention vector
E (i ) = [e (i )t ]mt=1 which indicates the weight of memories. Then
we calculate the response content R (i ) ∈ Rz using this matched
attention vector. It will be described in detail in the next section.
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Figure 1: The architecture of our proposed multiple instance learning network with a novel abstract-based memory mecha-
nism (MILAM). The inputs Tr eview and Tabstract are a pair of review text and its corresponding abstract text.

After that, we use a multi-layer perceptron (MLP) to obtain the
final representation vector of each sentence in the review text.

Vi = fmlp (Ii | |R
(i ) ;θmlp ), (5)

where | | denotes the concatenation, fmlp denotes one-hidden-layer-
MLP, and θmlp denotes the parameters in it. The main motivation is
we hope to leverage the abstract information of the paper to make
the representation of the review to focus on the reviewer’s own
opinion and filter out the irrelevant noise.

Finally, we use the softmax classifier to get sentence-level distri-
bution over sentiment labels.

Pi = so f tmax (Wp ·Vi + bp ), (6)

whereWp and bp are parameters, shared across all sentences. And
Pi = [p1

i , ...,p
C
i ] , where C is the total number of sentiment labels.

Review Classification Layer: In this layer, we predict the re-
view’s overall sentiment label based on the sentiment prediction
results of sentences in it. As mentioned above, the sentiment label
distribution of each sentence is Pi = [p1

i , ...,p
C
i ]. Here we use a

document attention mechanism which rewards sentences that are
more likely to be good sentiment predictors.

We use separate LSTM modules to produce forward and back-
ward hidden vectors, which are then concatenated:

−→
hi =

−−−−−→
LSTM (Vi ) (7)

←−
hi =

←−−−−−
LSTM (Vi ) (8)

hi =
−→
hi | |
←−
hi (9)

The importance of each sentence is measured as follows:

h
′

i = tanh(Wa · hi + ba ) (10)

ai =
exp (h

′

i )∑
j exp (h

′

j )
(11)

where Eq (10) defines a one-layer MLP that produces an attention
weight ai for the i-th sentence, andWa and ba are parameters in it.

Finally, we obtain a document-level distribution over sentiment
labels as the weighted sum of sentence-level distributions:

P
(c )
r eview =

∑
i
aiP

(c )
i , c ∈ [1,C] (12)

3.2 Abstract-based Memory Mechanism
Here we introduce our abstract-based memory mechanism in de-
tail. In this study, with the intuition that the review text may have
irrelevant noise (like repeating the contents of the paper) to con-
fuse the classifier, we hope to leverage the abstract information to



control the representation of the review text , thus making it more
focused on the reviewer’s own opinions and improve the accuracy
of sentiment classification.

However, the abstract text is usually long (contains multiple
sentences) and it is difficult to be leveraged effectively by methods
like hidden states or attention mechanism. Inspired by the mem-
ory network [26, 30, 35, 43], we treat the abstract information as
memories, helping to control the representation of each sentence
in the review text. And the abstract text representations [Mj ]mj=1
after the CNN layer can be considered as memory slots. For each
sentence Ii in [Ii ]ni=1, the process of getting a new representation
Vi can be divided into three steps:

Firstly, we get the matched attention vector E (i ) of memories.
We use a layer of LSTM to obtain the E (i ) and use Ii to initialize
the input.

e
′

t = LSTM (ĥt−1,Mt ), (ĥ0 = Ii , t = 1, ...,m) (13)

e
(i )
t =

exp (e
′

t )∑
j exp (e

′

j )
(14)

E (i ) = [e (i )t ]mt=1 (15)

where ĥt is the hidden state of timestep t . E (i ) indicates the weights
of memory slots (i.e., sentences of the abstract text).

Secondly, we calculate the response content R (i ) . We calculate
the weighted sum of [Mt ]mt=1 as follows:

R (i ) =

m∑
t=1

e
(i )
t Mt (16)

where R (i ) can be considered as a representation of the abstract
text associated with sentence Ii .

Finally, we use R (i ) and Ii to compute the new sentence repre-
sentation vector Vi as mentioned earlier (Eq(5)).

3.3 Objective Function
Note that in the training dataset, we only have the gold-standard
sentiment labels of reviews, but do not have the gold-standard
sentiment labels of sentences. It means that our model only needs
the review’s sentiment label while each sentence’s sentiment label
is unobserved. Therefore, we use the categorical cross-entropy loss
to minimize the sentiment prediction error between the output
results and the gold-standard labels of reviews:

L(θ ) =
∑

Tr eview

C∑
c=1
−P

(c )
r eview log(P̄ (c )r eview ) (17)

where Tr eview is the review text in the training data, P (c )r eview and
P̄
(c )
r eview are the true and predicted probabilities of belonging to the

c-th class, respectively. We use Adam [21] with minibatch to learn
the model parameter θ .

4 EXPERIMENTS
4.1 Evaluation Datasets
The peer reviews in most journals and conferences are not publicly
available due to privacy issues. Fortunately, several conferences

and workshops (e.g. ICLR, NIPS workshops, ICML workshops) have
undergone open peer review and the peer reviews can be obtained
on the OpenReview website 3. However, only ICLR 2017 and ICLR
2018 provided both peer reviews and the corresponding overall rec-
ommendation scores for each submission, while other conferences
and workshop only provide peer reviews without recommendation
scores. So, in this study, we collected all peer review texts with
recommendation scores from ICLR 2017 and ICLR 2018 as our eval-
uation datasets. A summary of statistics for each dataset is provided
in Table 2. For each review text in them, an overall recommendation
score was assigned accordingly. The recommendation scores range
from 1 to 10 points, 10 means the best, and the score distributions
of two datasets are shown in Figure 2.

Data Set #Papers #Reviews #Sentences #Words
ICLR-2017 490 1517 24497 9868
ICLR-2018 954 2875 58329 13503

Table 2: Statistics for ICLR-2017 and ICLR-2018 datasets.

Figure 2: The score distributions of ICLR-2017 and ICLR-
2018 peer reviews.

4.2 Experiment Setup
In this study, we do two classification tasks, one is 2-class which
predicts two classes: accept (1 ≤ score ≤ 5) and reject (6 ≤ score ≤
10), the other is 3-class which predicts three classes: accept (1 ≤
score ≤ 4), borderline (5 ≤ score ≤ 6) and reject (7 ≤ score ≤ 10).
We use k-fold cross validation method (k = 10) to evaluate the
model. Each dataset is randomly split into 10 parts, and at each fold
we use one part for test and the other 9 parts for training. That is,
at each fold, for ICLR-2017 dataset, we use 1366 reviews as training
set, 151 reviews as test set; and for ICLR-2018 dataset, we use 2588
reviews as training set, 287 reviews as test set. The classification
accuracy is calculated and averaged across 10 folds.

4.3 Implementation Details
We use pre-trained Google’s 300-dimensional word vectors as initial
word embeddings. The word vectors were fixed during the training
process. The dropout rate [34] is set to 0.5 to prevent overfitting.
3https://openreview.net/



The number of CNN filters and LSTM hidden state units are set to
32 (z=32) and the sizes of MLP hidden units are all set to 32. For
the hyperparameters of Adam optimizer, we set the learning rate
α = 0.001, two momentum parameters β1 = 0.9 and β2 = 0.999
respectively, and ϵ = 10−8. We implement our model based on
Tensorflow and use a TITAN X graphic card for learning.

4.4 Baselines and Comparison Results
We compare our proposed model with several baseline methods,
including some of state-of-art deep learning methods.

SVM(Uni): SVM has been widely used for sentiment classifica-
tion in many text domains [27], so we simply use the unigrams in
the review text as features and then use SVM to train a sentiment
classifier. The feature weight is a binary value indicating the occur-
rence of the unigram. We also tried using frequency or TF-IDF as
feature weights, but they are not as good as binary feature weights.
Specifically, we use SVM implemented in python-sklearn[29].

SVM(Uni&Bi): We use the unigrams and bigrams in the review
text as features, and then use SVM to train a sentiment classifier.

SVM(Uni&Bi&Senti): In this SVM method, we not only use
unigrams and bigrams as features, but also extract several sentiment
features, including the total number of sentiment words, the number
of positive sentiment words, the number of negative sentiment
words. We use SentiWordNet [13] as the sentiment dictionary to
match sentiment words.

LSTM: LSTM (Long Short Term Memory) has achieved good
performance for sentiment classification [16]. We use a one-layer
LSTM network to obtain a high-level representation of the review
text, and then use a softmax activation layer for sentiment classifi-
cation.

CNN: CNN (Convolutional Neural Network) has also achieved
excellent performance for sentiment classification [20]. We use
CNN to get the high-level representation of the review text for
classification.

CNN+Bi-LSTM: In this method, a hierarchical neural network
is used. First of all, CNN is used to learn a presentation for each
sentence in the review text, and then a bidirectional LSTM is used to
obtain the high-level representation of the entire document based
on the sentences’ representations. We also tried other ways for
combining LSTM and CNN (e.g. using LSTM for learning sentence-
level representations and then using CNN for learning document-
level representation), but the way used in this method performs
best.

CNN+Bi-LSTM+Att: On the basis of the above CNN+LSTM
model, we add a hierarchical attention mechanism [51]. The atten-
tion mechanism here includes the sentence-level attention and the
document-level attention, and the attention scores are calculated
based only on the review text in the same way as [51].

MIL: Here we use a state-of-art multiple instance learning frame-
work [2] for comparison. It is noteworthy that the difference be-
tween our model and it is that we added a novel abstract-based
memory mechanism.

We perform the same 10-fold cross validation to compare the
performance of these methods on the two datasets. The average
accuracy and the standard derivation for each method are shown
in Table 3 and Table 4.

Methods ICLR-2017 ICLR-2018
SVM(Uni) 70.14% (+/- 4.37%) 71.02% (+/- 3.81%)
SVM(Uni&Bi) 71.56% (+/- 2.52%) 73.23%(+/- 5.29%)
SVM(Uni&Bi&Senti) 74.23% (+/- 3.21%) 75.24% (+/- 2.36%)
CNN 68.93% (+/- 5.24%) 73.31% (+/- 2.70%)
LSTM 65.24% (+/- 4.21%) 69.25% (+/- 3.82%)
CNN+Bi-LSTM 74.35% (+/- 3.51%) 76.21% (+/- 4.08%)
CNN+Bi-LSTM+Att 75.64% (+/- 3.42%) 77.85% (+/- 3.72%)
MIL 75.02% (+/- 2.85%) 76.57% (+/- 2.31%)
MILAM 78.24% (+/- 4.92%) 80.32% (+/- 5.43%)

Table 3: Comparison of review sentiment classification accu-
racy on the 2-class task (accept, reject).

Methods ICLR-2017 ICLR-2018
SVM(Uni) 45.75% (+/- 2.02%) 50.25% (+/- 3.83%)
SVM(Uni&Bi) 48.79% (+/- 3.50%) 54.11% (+/- 4.16%)
SVM(Uni&Bi&Senti) 50.44% (+/- 5.36%) 55.37% (+/- 4.35%)
CNN 49.65% (+/- 5.86%) 55.59% (+/- 5.28%)
LSTM 44.24% (+/- 3.54%) 51.25% (+/- 4.24%)
CNN+Bi-LSTM 53.50% (+/- 4.31%) 57.04% (+/ 3.63%)
CNN+Bi-LSTM+Att 55.91% (+/- 5.29%) 60.27% (+/ 3.24%)
MIL 56.15% (+/- 4.11%) 59.35% (+/- 3.85%)
MILAM 61.29% (+/- 4.82%) 62.64% (+/- 5.15%)

Table 4: Comparison of review sentiment classification accu-
racy on the 3-class task (accept, borderline, reject).

From the comparison results in the tables we can see that our
proposed model outperforms all baseline methods. The average ac-
curacy achieved by our model is promisingly high, reaching 78.24%
and 80.32% over the two datasets on the 2-class task, and exceeding
60% over the two datasets on the 3-class task. For SVM methods,
both the use of the bigram features and the use of sentiment features
are beneficial to the classification performance, because they can
capture more sentiment information. Interestingly, the basic LSTM
and CNN methods do not perform well, while the use of attention
mechanism and hierarchical architecture can much improve the
performance, which demonstrate that the attention mechanism and
hierarchical architecture can be used to learn a better document
representation for sentiment classification.

In particular, our proposed model(MILAM) performs much better
than MIL, and it demonstrates the great helpfulness of our abstract-
based memory mechanism. Moreover, compared with CNN+Bi-
LSTM+Att, MILAM can predict the sentiment label of each sen-
tence at the same time, which not only makes the neural network
interpretable, but also extracts opinions of the reviewer.

4.5 Sentence-Level Classification Results
Here we want to verify that our model can accurately predict the
sentiment polarities of sentences in the reviews. It is worth noting
that we do not have the sentiment label of each sentence, so we
randomly selected 20 reviews, a total of 213 sentences, andmanually
labeled the sentiment polarity of each sentence, and used them as
test set. We compare our model and the MIL model on this test



# Polarity Review Sentences1 Human MIL MILAM

2 + +0.18 +0.10 This paper introduces a novel hierarchial memory architexture for neural networks, based on a binary
tree with leaves corresponding to memory cells.

3 + +0.13 +0.09 This allows for O(log n) memory access, and experiments additionally demonstrate ability to solve more
challenging tasks such as sorting from pure input-outputexamples and dealing with longers sequences.

4 + +0.21 +0.15 The idea of the paper is novel and well-presented, and the memory structure seems reasonable to have
advantages in pratice.

5 - -0.15 -0.31 However, the main weakness of the paper is the experiments.

6 - +0.12 -0.21
There is no experimental comparison with other external memory-based approaches (e.g. those discussed
in Related Work), or experimental analysis of computational efficiency given overhead costs (beyond
just computational complexity) despite that being one of the main advantages.

7 - +0.07 -0.15 Furthermore, the experimental setups are relatively weak, all on artificial tasks with moderate increases
in sequence length.

8 - +0.14 -0.11 Improving on these would greatly strengthen the paper, as the core idea is interesting.
Table 5: Example opinionated sentences with predicted polarity scores extracted from a review text. The real values indicates
polarity scores, +means positive opinion, and −means negative opinion.

Method Accuracy
MIL 72.97%
MILAM 81.12%∗

Table 6: Accuracy on sentence-level sentiment classification.
∗means the performance improvement over MIL is statisti-
cally significant with p-value < 0.05 for sign-test.

set, as shown in Table 6. Note that the MIL model can predict the
sentence-level sentiment labels as our model, while other baseline
methods cannot do this.

As can be seen from Table 6, MILAM much outperforms MIL on
sentence-level sentiment classification, which demonstrates that
the introduction of abstract-based memory mechanism can greatly
improve the performance. Further, we want to use the sentence-
level predictions to extract opinion summaries. We introduce a
method that takes our model’s confidence in the prediction into
account, by reducing each sentence’s class probability distribution
Pi to a single real-valued polarity score. To achieve this, we first
define a real-valued class weight vectorW = [W (i )]Ci=1,W

(i ) ∈

[−1, 1] that assigns uniformly-spaced weights to the ordered label-
set, such thatW (i+1) −W (i ) = 2

C−1 . For example, in the 2-class
scenario, the class weight vector would beW = [−1, 1].We compute
the polarity score of a segment as the dot-product of the probability
distribution Pi with vectorW :

polarity (Sri ) =
C∑
j=1

P
(j )
i W (j ) ∈ [−1, 1] (18)

Table 5 show example opinionated sentences with polarity scores
extracted from a review text. From the table, we can see that MILAM
performs better than MIL in terms of the accuracy of polarity labels
(See rows 6-8), and more reasonably in assigning polarity scores
(See rows 2-5), especially when there is much paper content in the
sentence.

In general, MILAM much outperforms MIL in sentence-level
sentiment classification, and thus we can extract opinions of the
reviewer based on the predicted polarity scores of sentences, which
are convenient for authors to further improve their paper.

Methods ICLR-2017 ICLR-2018
original remove abstract original remove abstract

SVM
(Uni&Bi)

71.56%
(+/- 2.52%)

71.57%
(+/- 4.12%)

73.23%
(+/- 5.29%)

73.42%
(+/- 3.24%)

SVM
(Uni&Bi&Senti)

74.23%
(+/- 3.21%)

75.16%
(+/- 3.12%)

75.24%
(+/- 2.36%)

75.76%
(+/- 4.62%)

CNN+
Bi-LSTM+Att

75.64%
(+/- 3.42%)

75.74%
(+/- 2.42%)

77.85%
(+/- 3.72%)

77.65%
(+/- 3.35%)

MIL 75.02%
(+/- 2.85%)

75.12%
(+/- 2.83%)

76.57%
(+/- 2.31%)

76.55%
(+/- 3.15%)

Table 7: The comparison of using and not using the paper
abstract via a simple method.

4.6 Influence of Abstract Text
Here we want to investigate the influence of the abstract text in
sentiment classification. We first observe the matched attention
vector E (i ) of each sentence, and we consider the abstract’s sentence
with the largest weight in it as the most relevant sentence for a
review sentence. Table 8 shows the results.

In the table, these most relevant sentences are likely to be de-
scriptions of the content of the paper and they are not useful for
sentiment classification. So we design a simple method of using
abstract texts as a contrast experiment. That is, we directly remove
the sentences that are similar to the paper abstract’s sentences from
the review text and use the remaining text for classification. The
sentence similarity is measured by the Overlap Similarity and the
threshold of sentence removal is set to 0.7.

The comparison results on the 2-class task are shown in Table 7.
In the table, methods performed on the original review texts are
denoted as “original", and methods performed on the remaining re-
view texts after sentence removal are denoted as “remove abstract".
The results show that this simple method of using abstract texts can



Review Sentences Abstract Sentences
This paper introduces a novel hierarchical memory architecture
for neural networks, based on a binary tree with leaves
corresponding to memory cells.

In this paper, we propose and investigate a novel memory architecture
for neural networks called Hierarchical Attentive Memory (HAM).

This allows for O(log n) memory access, and experiments
additionally demonstrate ability to solve more challenging tasks
such as sorting from pure input-output examples and dealing
with longer sequences.

This allows HAM to perform memory access in O(log n) complexity,
which is a significant improvement over the standard attention mech-
anism that requires O(n) operations, where n is the size of the memory.

The idea of the paper is novel and well-presented, and the mem-
ory structure seems reasonable to have advantages in practice.

We also show that HAM can be trained to act like classic data structu-
res: a stack, a FIFO queue and a priority queue.

... ...
Table 8: Example sentences in a review text and its most relevant sentence in the paper abstract text. The sentence with the
largest weight in thematched attention vector E (i ) is consideredmost relevant. The red texts indicate similarities in the review
text and the abstract text.

Methods ICLR-2017 ICLR-2018
w/o border-
line reviews

w/ border-
line reviews

only border-
line reviews

w/o border-
line reviews

w/ border-
line reviews

only border-
line reviews

SVM
(Uni&Bi)

78.25%
(+/- 2.77%)

71.56%
(+/- 2.52%)

55.74%
(+/- 4.92%)

79.25%
(+/- 4.17%)

73.23%
(+/- 5.29%)

56.10%
(+/- 6.49%)

SVM
(Uni&Bi&Senti)

80.21%
(+/- 4.90%)

74.23%
(+/- 3.21%)

56.67%
(+/- 3.77%)

80.89%
(+/- 2.65%)

75.24%
(+/- 2.36%)

56.65%
(+/- 3.28%)

CNN+
Bi-LSTM+Att

85.62%
(+/- 2.62%)

74.35%
(+/- 3.51%)

62.30%
(+/- 3.78%)

87.21%
(+/- 2.36%)

77.85%
(+/- 3.72%)

63.71%
(+/- 5.74%)

MIL 85.43%
(+/- 3.31%)

75.02%
(+/- 2.85%)

61.67%
(+/- 5.24%)

86.29%
(+/- 3.66%)

76.57%
(+/- 2.31%)

63.07%
(+/- 6.56%)

MILAM 89.23%
(+/- 4.14%)

78.24%
(+/- 4.92%)

63.17%
(+/- 5.24%)

90.64%
(+/- 5.54%)

80.32%
(+/- 5.43%)

65.26%
(+/- 4.75%)

Table 9: Experimental results on different datasets with, without and only borderline reviews.

be a minor improvement on SVM (Uni&Bi&Senti), but the abstract
text can not be used effectively as our method does. We guess that
simply removing highly similar sentences will also remove some
of the useful information.

4.7 Influence of Borderline Reviews
When we do the 3-class task, we define the borderline reviews
as having a score of 5 or 6. In this section, we further investigate
the influence of borderline reviews. We perform 2-class sentiment
classification on three different kinds of datasets: the full datasets
containing borderline reviews (we label a review of score 1∼5 as
reject and 6∼10 as accept), the datasets after removing borderline
reviews (1∼4 as reject and 7∼10 as accept) , and the datasets that
contain only borderline reviews (5 as reject and 6 as accept). The
average accuracy of different methods (including our model and
four strong baseline methods) on different datasets is shown in
Table 9.

From Table 9, we can see that the performance on datasets after
removing borderline reviews is largely improved, especially in deep
learning methods, and the performance on datasets that contain
only borderline reviews is very low. All of above indicate that the
borderline reviews are hard to be differentiated because reviewers
usuallywrite similar texts and express similar opinions in borderline

Test Dataset ICLR-2017 ICLR-2018
Model Model@ICLR-2018 Model@ICLR-2017
Task 2-class 3-class 2-class 3-class

SVM(Uni&Bi) 70.24% 47.01% 70.13% 50.26%
SVM(Uni&Bi&Senti) 74.34% 49.76% 73.37% 52.73%
LSTM+CNN+Att 75.01% 55.65% 76.32% 55.76%

MIL 75.35% 55.25% 75.26% 55.27%
MILAM 79.35% 61.02% 78.92% 61.27%

Table 10: Results of cross-year experiments.Model@ICLR−∗
means the model is trained on ICLR − ∗ dataset.

reviews. Except for borderline reviews, the other review texts are
generally in good consistency with their overall recommendation.
It is noteworthy that no matter which dataset is used, our proposed
model (MILAM) performs best.

4.8 Cross-Year Experiments
Further, we do a cross-year experiment.We use themodel trained on
the ICLR-2017 dataset to test on ICLR-2018 dataset, and vice versa.
The results is shown in Table 10. We can see that our model still



Methods Accuracy
Model@ICLR-2017 Model@ICLR-2018

SVM(Uni&Bi) 63.54% 64.24%
SVM(Uni&Bi&Senti) 66.72% 66.98%
LSTM+CNN+Att 72.23% 73.51%

MIL 71.37% 73.21%
MILAM 76.83%∗ 78.10%∗

Table 11: Results of cross-domain experiments.∗ means the
performance improvement over the first three methods is
statistically significant with p-value < 0.05 for sign-test.
Model@ICLR − ∗ means the model is trained on ICLR − ∗
dataset.

maintains a good performance and it demonstrates the robustness
of our proposed model.

4.9 Cross-Domain Experiments
In the above experiments, we used the ICLR datasets which fo-
cuses on machine learning techniques and applications. We fur-
ther collected 87 peer reviews (after removing borderline reviews)
for submissions in the Natural Language Processing conferences
(CoNLL, ACL, EMNLP, etc.), including 57 positive reviews (accept)
and 30 negative reviews (reject). The 87 peer reviews are used as
another test set in a different domain. We performed cross-domain
classification experiments by applying the models learned on two
ICLR datasets to the test set in the NLP field. The results are shown
in Table 11 and our model still performs much better than the four
strong baseline methods. The performance of our model do not de-
crease much, even though the cross-domain difference between the
training and test reviews. The cross-domain adaptation problem is
a typical and difficult problem for text classification, and advanced
transfer learning techniques may be used to address this problem
in our future work.

4.10 Final Decision Prediction for Scholarly
Papers

Further, we investigate whether the above prediction results can
be used to predict the final decision of accepting/rejecting a paper
based on several (usually 3) reviews for the paper. However, until
we write this paper, the final results of the papers in ICLR-2018
have not been published yet. So we only test on the ICLR-2017
dataset. We designed three methods to predict the final decision of
a paper based on several review scores.

Voting: A simple voting method is used on the basis of the
predicted labels of review texts to determine the final decision.

Decision =



Accept if #accept > #reject
Reject Otherwise

(19)

where #accept means the number of reviews that are predicted as
accept, and so does #reject.

Simple Average: In this method, we obtain the predicted prob-
ability score for the accept class of each review , and then simply
average the scores of all reviews. If the average score is larger than

Methods Voting Simple
Average

Confidence-
based Average

2-class 3-class 2-class 3-class 2-class 3-class
SVM

(Uni&Bi) 62.24% 67.84% 60.62% 64.36% 55.37% 56.36%

SVM
(Uni&Bi&Senti) 65.26% 69.47% 63.92% 66.72% 58.47% 60.37%

CNN+Bi-
LSTM+Att 76.35% 78.25% 74.18% 75.53% 63.46% 65.86%

MIL 75.36% 78.53% 73.29% 74.90% 63.29% 64.89%
MILAM 79.86% 81.69% 78.25% 79.65% 66.25% 69.02%

Table 12: Results of final decision prediction for scholarly
papers.

or equal to 0.6, then the paper is predicted as final accept, and
otherwise final reject.

Confidence-based Average: Different from the simple average
method, we use the reviewer’ confidence score to compute a weight
for the predicted probability score, and use the weighted average
for determination.

overall_score =
1
|S |

|S |∑
i=1

Si ∗
1

(6 − ReviewerConf idencei )
(20)

where Si is the predicted probability score for the accept class of
each review and S is the set of scores for a paper.ReviewerConf idencei
ranges from 1 to 5. If the weighted average is larger than or equal
to 0.4, then the paper is predicted as final accept, and otherwise
final reject.

Table 12 shows our experimental results. From the table, we can
see that Confidence-based Average method is not good, and the
Voting method based on 3-class classification is the best choice to
predict the final decision. Moreover, our proposed model always
much outperform the baseline methods for final decision prediction
for papers in different settings.

5 CONCLUSION AND FUTUREWORK
In this paper, we proposed a neural network model with a novel
abstract-based attention mechanism to address the challenging task
of sentiment analysis in the domain of peer reviews for scholarly
papers. We constructed two evaluation datasets from the ICLR open
reviews and discussed evaluation results extensively. We verified
the efficacy of our proposed model, which achieved high accuracy
in different settings. We found that the consistency between the
peer review texts and the recommended decisions for ICLR was
generally good, except for borderline reviews. Moreover, our model
can extract reviewers’ opinions at the same time, which brings
convenience for authors to further improve their papers.

In future work, we will collect more peer reviews in multiple re-
search areas for training and test, andwewill try more sophisticated
deep learning techniques to address this task. We will also investi-
gate transfer learning techniques to address the domain adaptation
problem.

Several other sentiment analysis tasks in this domain are also
interesting and worth of investigation, e.g., prediction of the fine-
granularity scores of reviews, automatic writing of meta-reviews,
prediction of the best papers, and so on.
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