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Multi-Lingual Attention based Multi-Intent Detection in Dialogue
System

Mauajama Firdaus∗, Ankit Kumar, Asif Ekbal, and Pushpak Bhattacharyya

Department of Computer Science and Engineering
Indian Institute of Technology Patna

Patna, India
(mauajama.pcs16,ankit.mtcs17,asif,pb)@iitp.ac.in

Abstract Natural language understanding (NLU) is an essential and critical module of every dialogue
system. One of the key tasks of this module is to identify the intent and help the user in achieving the desired
goals. In this work, we propose a multi-lingual, multi-intent detection model that can handle user utterances
having multiple intents belonging to different languages. We employ an attention-based Recurrent neural
network (RNN) for detecting multiple intents from a given user utterance. To model the dependency across
the different languages, we use both cross-lingual and mono-lingual attention mechanisms. We evaluate our
proposed approach on English and Hindi datasets having multiple intents. As there is no existing Hindi
dataset, we create the data for Hindi by manually translating the English dataset. Experimental results
show the effectiveness of our proposed approach with an absolute improvement of 20 F-score points over
the baselines.

Keywords: Multi-lingual, Multi-intent, Natural Language Understanding, Deep Learning

1 Introduction

The dialogue system is an example of human-computer interaction. It contains different modules that focus
on understanding the user and generate responses to assist the user in achieving their desired goals. Spoken
language understanding (SLU) is a vital component of the dialogue systems which deal with the critical task
of understanding the language spoken by the user. For the proper functioning of the dialogue system, it is
essential to perceive the intended meaning from the user’s utterance. One of the primary tasks of the SLU
module is intent detection. Intent detection is a standard problem of utterance classification, as the errors made
by the intent detection module often leads to wrong system responses. Hence, it is crucial that designing of the
intent module is done carefully so that the users can attain their desired objectives. In this work, we focus on
identifying multiple intents in a given user utterance which is a typical case of multi-label classification.

For every dialogue system, it is essential to not only identify the different intents in an utterance but also
to understand the different languages a user can choose to converse with the system. In our current work,
we propose a deep learning model that identifies the intents from both English and Hindi user utterances. As
opposed to a single intent detection module, a multi-intent detection module can be used to identify multiple
intents belonging to different domains. For example, “When is the flight and how far is the restaurant from the
airport?” Here, the intents of the utterance belong to two different domains “Flight, Restaurant”. Also, for quick
and fast processing it is essential for a system to understand the various intentions present in a given utterance,
thereby solving the objectives of the user at the earliest by simultaneously providing correct responses to the
user.

Table 1: Multi-Lingual Multi-Intent Examples
Example Intents

Would you like to increase your budget or adjust the dates budget, date
कतने लोग एक साथ या ा करगे और कब
(How many people will travel together and when)

लोग क सं या, दनांक
(no_of_ppl, date)

Can you tell me where the nearest city is and what are the available flights city, flight
आप कहां से ह और आप कहां जाने के बारे म सोच रहे ह
(Where are you from and where are you thinking of going)

थान, गंत
(departure, destination)

Can you give me the prices and hotel ratings price, rating

The motivation for taking up this task is to build an interactive goal-oriented dialogue system that can
handle user inputs in different languages, thereby providing its application suitable for multilingual information
access. In our current study, we mainly focus on two languages, namely English and Hindi. In Table 1, we show
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the multi-intent multi-lingual examples of user utterances from the dataset used for the task. The motive for
employing this setup was to share the information between the languages and improve the performance of the
overall model by capturing different intents simultaneously. The key contributions of our current research can
be summarized as follows:

– We create a resource for the task of multi-intent detection in a multi-lingual scenario (for both English and
Hindi). We create Hindi dataset by manually translating English into Hindi.

– We propose a multi-lingual attention based multi-intent model that can handle different languages as well
as detect multiple intents from a user utterance simultaneously.

The rest of the paper is structured as follows: In section 2, we present a brief review of the existing literature.
In Section 3, we explain the proposed methodology followed by the dataset description in Section 4. The
experimental results are presented in Section 5 along with detailed analysis including error analysis. In Section
6, we show the concluding remarks along with future directions of research.

2 Related Work

Initial works on intent detection focused on the use of various traditional machine learning approaches such
as support vector machine (SVM) [1], maximum entropy classifier [2] and boosting techniques [3, 4]. With the
ability to combine both feature extraction and classification in the learning process, deep learning framework
has helped in improving the performance of this task. Variants of recurrent neural networks such as long short
term memory (LSTM) [5] have been employed in [6, 7] for identifying the intents. In [8], hashing techniques
along with LSTM was employed to take care of the out-of-vocabulary (OOV) words for classifying the intents.

Convolutional neural networks (CNN) was employed in [9] for detecting the intents of a user search query.
An ensemble-based deep learning architecture using Convolutional Neural Network (CNN), Long Short Term
Memory (LSTM) and Gated Recurrent Unit (GRU) was employed in [10] for intent detection on ATIS dataset.
Recently, multi-lingual intent detection has been done for English and Japanese languages using a deep LSTM
network with adversarial training [11,12]. Intent detection in a code-mixed environment has also been proposed
in [13]. Our work differentiates from these previous works in a way that we capture multiple intents present in
an utterance as opposed to almost all the systems which focus on single intent.

Due to the correlation between the intent detection and slot filling tasks, these SLU tasks have been modeled
together using various deep learning architectures. Multi-task learning has been performed by employing various
RNN structures in [14–17]. Previously, a few works have been carried out for multiple intent detection [18,19].
Our work is different from these in the sense that it can encompass different languages (English and Hindi, in
this case) as is the demand of the current day situation.

3 Methodology

Classification of multiple intents in a given utterance is a standard case of multi-label classification. Here, given
a multi-intent dataset (D), having user utterance (S) = [w1, . . . , wn], in which n is the total number of words
in S. The set of intent labels is defined by Y ∈ [y1, . . . , yl], where l is the total number of intents present in D.
For a given user utterance S, the goal is to identify the possible number of intent labels yi, . . . , yk present in
the utterance. where k ≤ l. The overall architecture of the model is given in Figure 1.

In this section, we illustrate our multi-lingual multi-intent model (MLMI) to detect the different intents
present in a user utterance which could belong to either of the languages.

3.1 Embedding Layer

In the embedding layer, we convert every word token to its high dimensional vector representation by concate-
nating its character and word-level embedding.

Character embedding: Character embedding layer is responsible for mapping each word to a high-
dimensional vector space. Following [20], we get character level embedding of each word token. The outputs of
CNN are max-pooled over entire width to obtain a fixed size vector for each word.

Word embedding: Word embedding layer maps each word to a high dimensional vector. We use pre-trained
FastText [21] model to get the fixed word embedding of each word in both languages i.e., English and Hindi.

So, the final input to the model can be defined as:

xi = eci ⊕ ewi
(1)

where, ⊕ denotes the concatenation, eci and ewi denotes the character level and word level embeddings respec-
tively.
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Figure 1: Multi-Lingual Multi-Intent Model Architecture

3.2 Utterance Encoder

After representing the words using the embedding layer, we apply utterance encoder (CNN or RNN) to model
interaction between words.

RNN based Utterance Encoder: Recurrent Neural Network (RNN) [22] is considered as an extension
of feed-forward neural network, that handles the sequences of variable length by using a recurrent hidden state
that captures the information of the previous states as well. Long Short Term Memory (LSTM) [5] is a special
kind of RNN, which can efficiently learn long-term dependencies by solving vanishing gradient problem. The
hidden layers of the bi-directional LSTM can be defined as follows:

−→
ht =

−−−−→
LSTM(xt,

−→
h t−1) (2)

←−
ht =

←−−−−
LSTM(xt,

←−
h t+1) (3)

where xt is the input and ht is the hidden state of LSTM at time t. The forward and backward directions
are denoted by −→ and ←−, respectively. The forward and backward hidden states are concatenated to give the
bidirectional hidden state ht = [

−→
ht ,
←−
ht ] at time t.

CNN based Utterance Encoder: The primary CNN sentence encoder, useful for many natural language
processing (NLP) tasks, is used to encode the utterances. Let xi ∈ Rd be the d-dimensional word vector of the
ith word in the utterance. Now, xi is fed to a convolutional layer that involves a filter k ∈ Rpd, which is applied
to a window of p words in an utterance to produce a new feature. A hidden state hi is generated from a window
of words xi:i+p−1 by

hi = f(k ∗ xi:i+p−1 + b) (4)

where b is the bias term, and f is a non-linear function, which, in our case is Relu [23]. We use n different filters
to perform convolution operation and then denote the resulting feature as ht. The hidden state of the entire
utterance can be written as H = [h1, h2, . . . , hn] by applying the filter to each possible window of the words
present in the utterance. In multi-lingual scenario we get hidden state representation Hj = [hj1…..hjn] for given
jth language.

ICONIP2019 Proceedings 3
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3.3 Multi-Lingual Attention Layer:

Multilingual Attention is computed to link and fuse information across languages. Our model adopts two kind
of attention mechanisms to exploit inter and intra language patterns and dependencies. Firstly, we employ
cross-lingual attention which detects counter information in the other language. Secondly, we use mono-lingual
attention which selects a useful feature for a given language. Suppose j indicates a language and k is another
language (such that k ̸= j).

Cross-Lingual Attention: To model dependencies across the languages, we employ cross-lingual attention
after obtaining the utterance representation from either CNN or LSTM. To calculate attention distribution for
ith word of the utterance in jth language, hji will be used as a query vector over the hidden states Hk of kth
language. Formally, ĥji is defined as the weighted sum of hidden state representation of the kth language.

ĥji = αaHk
T (5)

where αa is a cross-lingual attention score of each hidden state which is defined as :

αa = softmax(hji
TWaHk) (6)

where Wa is a trainable parameter. Finally, we concatenate ĥji and hji to form the new hidden state represen-
tation cji.

Mono-Lingual Attention: We employ mono-lingual attention mechanism to model language specific char-
acteristics in user utterance in each language. After obtaining enhanced hidden state representation cji from
cross-lingual attention we aim to aggregate all the information into single vector Mj . Mono-lingual attention
works similar to cross-lingual attention. Mj is calculated as weighted sum of Cj = [cj1, . . . , cjn].

βa = softmax(Wa
TCk),Mj = βaCk

T (7)

3.4 Training and Inference:

After obtaining the utterance representation Mj from multi-lingual attention, Sigmoid layer is used to detect
multiple intents in an utterance. The equation gives the final probability of the intent ŷj :

ŷj =
1

1 + e−WT ∗Mj+b̃
(8)

W and b̃ are trainable parameters. The parameters are optimised by minimising the cross-entropy between
the predicted (ŷj) and reference probabilities (yj):

LCE = −
|Y|∑
j=1

(yj logŷj + (1− yj)log(1− ŷj)) (9)

4 Dataset and Experiment

Dataset: The FRAMES corpus [24] consists of dialogue conversations, and we have manually annotated every
utterance with all the possible intents. Three annotators proficient in the English language were assigned to
annotate the corpus with intent classes. The corpus consists of 1369 human-human dialogues. Each dialogue has
an average of 15 turns. There are 18623 utterances in the training set, 2660 utterances in the validation set and
5321 utterances in the test set. We use 24 different intent classes. We observe the multi-rater Kappa agreement
ratio of approximately 80%, which may be considered reliable. As there was no dataset for intent detection in
Hindi, we create it by manually translating our English dataset with the help of three native Hindi annotators.
The number of utterances in the train, validation and test data are the same as that of the English dataset.
Also, the number of intents are the same for both languages1.

Training Details: All the implementations are done using the Keras framework. We also use 300-dimensional
cross-lingual embeddings [25] as input to our model. In our model, the intermediate layers use ReLU activation
function while the last layer uses the Sigmoid activation function. We use the dropout [26] with probability
0.45. We initialize the model parameters randomly using a Gaussian distribution with Xavier scheme [27]. The
hidden size for LSTM layer is 128. We employ AMSGrad [28] as the optimizer for model training to mitigate
the slow convergence issues. We use uniform label smoothing with ϵ = 0.1 and perform gradient clipping when
gradient norm is over 5. Categorical cross-entropy is employed to update the model parameters.
1 The dataset will be made available after acceptance.
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5 Results and Discussion

In this section, we report the results along with the necessary analysis. We report subset accuracy, hamming loss,
and F1 score as the performance measure for the multi-intent detection task. Hamming loss [29] identifies the
fraction of misclassified labels. Hence, lower the loss better is the model performance. While subset accuracy [29]
computes the fraction of the prediction being identical to the true label set.

Table 2: Experimental results of different models; CNN: is the baseline model having both character and word
embeddings as input to the model; LSTM: is the second baseline with both character and word embedding;
LSTM + CE: is the model having cross-lingual embeddings (CE) as input; LSTM + MLA: is the model using
only Mono Lingual Attention; LSTM + CLA: is the model using only Cross Lingual Attention, MLMI model:
is the proposed Multi-lingual multi-intent model having both the attention mechanisms; Individual model: is
the multi-intent model of a particular language

Model English Hindi
F-score Hamming Loss Subset Accuracy F-score Hamming Loss Subset Accuracy

CNN 0.38 0.047 0.30 0.41 0.051 0.37
LSTM 0.41 0.045 0.31 0.42 0.048 0.38

LSTM + CE 0.48 0.040 0.35 0.47 0.043 0.39
LSTM + MLA 0.51 0.035 0.40 0.50 0.040 0.42
LSTM + CLA 0.57 0.031 0.44 0.53 0.037 0.45
MLMI model 0.61 0.029 0.49 0.58 0.036 0.48

Individual model 0.58 0.032 0.46 0.55 0.037 0.46

Results: Evaluation results of the MLMI model along with with CNN and LSTM models, and the language-
specific individual models (where we train for one language at a time) are shown in Table 2. In comparison to
CNN, LSTM shows better performance. Hence, further experiments are performed using LSTM as the sentence
encoder. From the table, it is evident that the proposed MLMI model outperforms the other models as well
as the language-specific models. These improvements were found to be statistically significant 2. We observe a
remarkable performance improvement with the sharing of information for both the languages using multi-lingual
attention mechanism. For English, our proposed MLMI model shows an improvement of 20% (0.20) in F1-score
compared to the baseline LSTM model. Whereas for Hindi, our model shows an increase of 16% (0.16) compared
to the baseline.

To show the effectiveness of our proposed multi-lingual multi-intent model, we also compare its performance
with the individual language-specific (non-shared) models. The individual models were implemented such that
at a time only one language (either English or Hindi) utterances were given as input to the model. As presented
in Table 2, our MLMI model has better performance for all the metrics concerning the individual models.

Error Analysis: To provide a detailed analysis of the results, we perform both quantitative and qualitative
error analysis. In Table 3, we show the confusion matrix for English. From the table, we can infer that most
of the labels have got confused with the intent label “other”. The intent label “city” has not been predicted
correctly for any of single utterance. In Table 4, we present the confusion matrix for the Hindi dataset. The
intent label “trip” is mainly confused with “provide_info”. The intent label “trip” is confused with other labels
such as “greet, other”.

Due to the extended length of utterances, many times the intent of the utterance is expressed in the latter part
of the utterance causing misclassification. Some misclassification also occurs due to less representation of some
intent labels in the dataset. For example, “Do you prefer a 3.5 star hotel or a 4 star hotel” is incorrectly labeled
as “rating” but the original intent label for this utterance is “hotel”. In the case of multi-intent classification, the
model makes errors by identifying only a single intent. For example, “How much is the trip to Fukuoka and what
are the dates?”, the predicted label is only “price” while the actual labels are “price, date”. With the presence
of some key intent words, the model has predicted multiple intents while the utterance had single intent. For
example, “could I see some better rated hotels”, the intent label is “hotel” but the model has predicted both
“rating, hotel” because of the presence of the word “rated” which often occurs in utterances having “rating” as
the label.

For Hindi, the system makes errors for cases such as in the following example, “ या आप मुझे बता सकते ह क उपल ध
उड़ान के साथ नकटतम शहर कहां ह”ै (what are the different flights and from which cities are the?y), the predicted
intent is “flight” while the original intents were “city, flight”. The reason behind such errors is due to the reason
that the model fails to capture the intent appearing in the latter half of the utterance. For the given example,
“होटल वही है ले कन लागत त थयां या ह” (For the same hotel what are the available dates), the predicted intent label
2 we perform statistical significance tests [30], and it is conducted at 5% (0.05) significance level
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Table 3: Confusion Matrix for English utterances
Correct-Estimated a b c d e f g h i j k l m n o p q r s t u v w x
a. rating 2 0 0 0 0 0 0 0 0 0 0 1 0 2 0 0 0 0 0 0 0 0 0 0
b. amenity 0 9 0 0 0 0 0 0 0 1 0 0 2 5 1 0 0 0 0 0 0 0 0 0
c. budget 0 0 90 0 1 23 0 11 0 0 0 0 0 0 2 2 1 0 2 0 0 0 0 5
d. duration 0 0 0 31 0 36 0 0 0 0 0 0 0 6 6 1 38 2 0 0 0 0 0 4
e. trip 0 1 1 2 183 405 0 3 0 11 1 2 4 34 8 13 8 3 28 1 53 0 1 458
f. provide_info 0 1 1 0 16 196 0 0 1 2 0 0 1 16 0 11 6 0 4 0 12 3 3 97
g. city 0 0 3 0 2 3 0 1 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1
h. destination 0 0 13 0 2 6 0 88 0 0 0 4 0 1 0 1 0 2 0 0 0 0 0 14
i. book 50 7 0 0 158 0 0 0 1 0 1 0 1 0 0 0 0 0 0 0 0 0 0 24
j. provide_budget 0 0 0 2 3 24 0 0 2 104 0 8 0 7 2 1 32 2 3 78 0 4 0 13
k. flight 0 0 0 0 0 4 0 0 0 2 1 0 0 0 0 0 0 0 5 0 1 4 0 12
l. price 0 0 0 0 2 7 0 0 0 3 0 58 0 1 4 0 2 0 0 3 0 0 0 6
m. hotel 0 0 0 0 2 2 0 0 0 0 0 1 50 16 0 0 5 0 4 0 0 0 0 5
n. provide_hotel 1 1 0 0 0 11 0 0 1 2 0 0 7 386 0 0 66 2 3 0 0 0 0 15
o. date 0 0 0 2 0 1 0 0 0 0 0 2 1 0 106 1 0 1 2 4 0 0 0 6
p. no_of_ppl 0 0 1 3 1 15 0 0 0 0 1 0 0 1 3 53 1 0 0 1 1 0 0 4
q. provide_trip 0 0 0 1 0 8 0 0 4 29 0 0 0 14 0 0 65 0 1 0 0 9 0 2
r. package 0 0 0 0 0 3 0 0 1 2 0 2 0 2 0 0 25 34 4 0 0 1 2 16
s. availability_info 0 0 1 0 5 21 0 0 3 2 0 0 0 5 1 0 4 1 251 1 2 1 0 100
t. departure 0 0 0 2 0 1 0 0 0 1 0 6 0 0 2 1 0 0 2 8 0 0 0 0
u. greet 0 0 0 0 2 16 0 0 0 1 0 0 0 0 0 0 0 0 1 0 207 0 0 7
v. provide_flight 0 0 0 0 0 2 0 0 1 5 9 0 0 1 1 0 6 0 2 0 0 52 0 4
w. provide_date 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 2 0
x. other 0 0 0 0 8 23 0 4 6 3 0 0 11 9 1 0 4 10 5 0 1 0 0 346

Table 4: Confusion Matrix for Hindi utterances
Correct-Estimated a b c d e f g h i j k l m n o p q r s t u v w x
a. provide_trip 72 2 0 6 0 18 0 0 0 12 0 9 0 0 0 3 2 0 0 0 1 0 0 0
b. other 3 250 14 0 0 1 0 1 0 11 0 34 1 0 0 22 38 2 2 0 10 8 0 8
c. hotel 4 8 43 0 0 0 0 0 0 12 0 2 1 0 0 0 1 0 2 0 5 0 1 0
d. provide_flight 4 1 0 48 0 6 0 0 0 1 0 5 0 0 0 1 0 0 0 8 2 0 0 0
e. duration 29 3 0 0 0 0 0 6 0 9 0 28 3 0 2 0 4 0 18 0 1 0 0 0
f. provide_budget 32 6 0 0 0 109 0 3 0 6 0 22 9 0 51 1 2 0 2 0 14 0 0 1
g. rating 0 0 0 0 0 0 0 0 0 5 0 0 0 0 0 0 0 0 0 0 1 0 1 0
h. no_of_ppl 1 1 0 0 0 0 0 49 0 1 0 19 0 0 1 0 3 1 3 1 1 0 0 0
i. provide_date 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
j. hotel_info 62 5 2 0 0 1 0 0 0 368 0 17 0 0 0 1 2 0 1 0 9 0 1 1
k. departure 0 0 0 0 0 0 0 2 0 0 66 21 0 0 0 0 9 0 1 0 2 17 0 0
l. provide_info 9 64 1 0 0 1 0 6 0 14 0 221 0 0 0 4 29 11 1 0 6 0 1 1
m. price 2 1 0 0 0 3 0 0 0 0 0 5 62 0 1 0 1 0 4 0 0 0 0 0
n. city 0 0 0 0 0 0 0 0 0 0 2 1 0 0 0 0 6 0 2 0 0 2 0 0
o. book 0 1 0 0 0 3 0 0 0 0 0 0 3 0 7 1 2 0 6 0 2 0 0 0
p. destination 1 32 1 0 0 0 0 0 0 1 0 11 0 0 0 143 3 0 0 0 1 0 0 0
q. trip 6 273 0 1 0 15 0 3 0 16 0 393 0 0 1 3 319 51 11 0 60 6 2 5
r. availability_info 0 7 0 0 0 0 0 0 0 0 0 12 0 0 0 0 2 211 0 0 1 1 0 0
s. date 0 2 0 0 0 0 0 2 0 0 0 3 3 0 1 0 1 0 103 0 2 0 0 0
t. flight 1 5 0 3 0 2 0 0 0 0 0 12 0 0 0 0 3 0 0 2 2 0 0 0
u. greet 2 58 0 1 0 3 0 0 0 15 1 34 0 0 0 2 18 2 2 0 241 1 0 1
v. budget 1 9 2 0 0 0 0 0 0 0 13 4 0 0 0 0 7 1 3 0 4 88 0 0
w. package 1 0 3 0 0 0 0 0 0 3 0 0 0 0 0 0 1 0 3 0 1 0 5 0
x. amenity 21 5 2 1 0 0 0 0 0 5 0 4 2 0 0 1 2 0 1 0 5 0 0 37

is “hotel” while the correct intent label is “date”. This type of errors occurs because of the head-word of the
utterance, which is same as one of the intent labels. In this case, the headword “hotel” is labeled as the final
intent of the utterance.

In some cases, multiple intents are identified while the utterance had single intent. For example, “ या आप 6
सतंबर को पे रस थान करना चाहते ह” (Can you travel to Paris on 6th December?), the model predicted the intents to
be “city, date, departure” while the original intent of the utterance is “date”. To visualize the effect of attention,
we present the heatmap for both English and Hindi utterances in Figure 2 and Figure 3, respectively. From
the figure, it is evident that the use of multi-lingual attention helps in detecting the true intents for both the
languages. For example, in the utterance “can you tell me more about your travel dates and budget”, the focus
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Figure 2: Intent Attention visualization for English Dataset

Figure 3: Intent Attention visualization for Hindi Dataset

is given to the keywords “budget, date”, thereby helping in correct classification. Similarly, for Hindi, we can see
that attention helps in improving the classification performance of the model. Overall, including multi-lingual
attention in the proposed model ensures better identification of intents.

6 Conclusion and Future Work

NLU module has been an integral part of every dialogue systems with intent detection being one of its primary
tasks. In this paper, we have proposed a multi-lingual attention based multi-intent model for identifying the
intents of the user utterance for both English and Hindi languages. We have employed two types of attention
mechanism for capturing language-specific information as well as shared information of both the languages using
multi-lingual attention mechanism. Experimental results show that the proposed model performs better than
the baselines and the individual models for all the evaluation metrics.

In future, along with the opportunity of extending the architectural design and training methodologies to
enhance the performance of our system, we would also like to continue this work by incorporating the other tasks
of NLU such as slot filling, dialogue act classification in this setup. Also, we would like to model a code-mixed
version of our dataset since it is closer to the real-world scenario.
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Abstract. In this paper, we investigate and evaluate methods for the characterization of social relations, colle-
gial recognition and work dynamics from the e-mails exchanged between the members of a work community. By
analyzing the e-mail meta-data, message type, communication statistics, and sentiment analysis of the message
body, valuable information and actionable insights can be extracted, that can support formal management.

We propose a new informal popularity index that reflects how broadly and how often is an individual refer-
enced in others’ e-mailing communication (reach and frequency). We evaluate how the ranking induced by the
proposed metric correlates with the rankings obtained from a mandatory quality assurance survey evaluating
different aspects of collegiality.

We suggest methods to promote formal procedures such as promotion and recognition: choosing promotions
that increase the correlation between the formal ranking and the informal rankings that fairly reflect members’
related abilities and motivation; searching for outliers in the e-mail datasets to identify latent contributors to
the welfare of the organization.

Keywords: organizational network analysis · sentiment analysis · text mining · data-driven decision manage-
ment · formal-informal structures

1 Introduction

In recent decades, organizational research has provided more and more supporting evidence for the inseparable
coexistence of the organizational formal and informal structures: whereas each organization has a formal structure
over the course of time, informal structures also develop based on the reality of day-to-day interactions among
members. For example, [17] used the expression of “the company behind the chart” to express this dualism. In
their paper, informal networks were likened to the nervous system of a living organism, whereas the bones represent
the formal organization: “one cannot exist without the other, and no analysis or interpretation is complete without
either”. Accordingly, managers are invited to learn to work with both formal and informal structures [21,25]. Flexible
managers realize that: (1) the effectiveness of the management depends on the degree of alignment between the two
structures; (2) elements of the informal structure can be formalized by adapting the formal structure; (3) as formal
organization need to be “engineered and built”, the informal ones can also be “planted and cultivated” [22].

In spite of all these, in a recent work [20] warned about the missing link between formal organization and
informal social structure. The authors argued that although foundational organization theory recognized the role
of both formal and informal elements, the focus of scholarly attention has moved from one extreme to the other,
and only a few studies deal with these two types of structures in combination. With respect to higher education, [2]
boldly states that the “modern organization theory is built upon the study of colleges and universities”, however
the “faculty behind the chart” phenomenon is scantly researched.

In this paper we analyze linking possibilities between formal and informal organizational structures in academic
settings in order to facilitate data-driven decision management. This is an administrative approach that strives
to take objective decisions and actions that can be backed up with verifiable data. Therefore, it encourages the
collection and analysis of data, in order to obtain actionable insights and support for decisions.

Our research focuses on how the data extracted from members’ informal e-mail communication network (number,
sentiment value and level of politeness of sent/ replied/ forwarded e-mails) can characterize the formal and informal
structures and how it can support formal management. We suggest methods for enhancing formal procedures
(promotion, recognition, delegation) based on members’ e-mailing behavior. We also introduce a new informal
popularity index that approximates the impact of a member based on their reach and frequency as exhibited in the
e-mail communication network (how broadly and how often is the member referenced in others’ e-mailing).
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2 Background

2.1 Formal and informal organizational structures

Formal and informal structures coexists in every organization. Usually hierarchical, the formal structure follows
the layout of a pyramid and can easily be transposed into a so-called formal ranking. Formal elements also include
rules and procedures for coordinating and controlling activities, which enable the organization to meet its stated
objectives. On the other hand, informal structures consist of the interaction network among members, usually
represented by flat graphs. We refer to rankings extracted from such networks as informal ones. The norms, values,
and beliefs that underlie the interactions can also be considered an integral part of the informal structure [20]. In
this paper, we concentrate on how formal procedures such as promotion, recognition and delegation can be enhanced
on the basis of informal elements.

– [15] emphasize the critical role played by promotions in the optimal allocation and utilization of human resources.
Their study, in line with previous results [7], highlights the role that formal promotion systems play on two
specific employee outcomes: perceived opportunity for advancement and fairness of the promotion process. On
the other hand, according to the generally accepted principle that the best predictor of future behavior is past
behavior, perceived fairness depends on how objective past performance is taken into account by the formal
promotion systems [26]. We propose the following question to be analyzed: Will the promotion in question
increase the correlation between the formal ranking and such informal rankings that fairly reflect members’
related abilities and motivation?

– Recognition is a key source of motivation which managers should exploit. An experimental study [10] reported
evidence regarding the positive effects verbal expression of gratitude has on employee performance (exerted
efforts). Additionally, [3] showed that public recognition works best when it is limited to a substantial subset
of high performers. The resulting performance increases were mainly driven by the strong positive responses of
non-recipients. On the other hand, besides job performance (something evident and easily measurable), there are
other, more latent factors that also contribute to the effectiveness of an organization. Since the above-described
principles should be extended to these latent contributors too, we propose a method to identify them. We search
for positive outliers in the e-mail communications database whose absolute deviation around the mean is greater
or equal than 3 [18].

– Delegation (authority and responsibility) is one of the most important and effective management skills. Dele-
gation may improve efficiency and encourage development. Despite the evident positive reasons for delegating,
researchers identified several superior/subordinate-oriented barriers to effective delegation. To avoid/overcome
such barriers [19] states the principles that should be kept in mind in school settings. The study we performed
illustrates how informal communication analysis can provide insight into the strengths and weaknesses of de-
partment level delegation processes.

While formal structures are quite evident from the organizational charts, identifying informal ones is not an easy
task due to the difficulties associated with data gathering. Traditional methodologies rely on information provided
directly by the members through surveys and interviews. Disadvantages of this method are: subjectivity, difficulty
in the interpretation, time costly process, etc. Nowadays, electronic communication systems may provide us with a
huge quantity of objective information on social interaction.

2.2 Mining the organizational e-mail network

Several studies have shown that the social networks analysis [13,27,6] in general and as portrayed by e-mail and
other electronic archives in particular [5,11,9], can provide valuable information on communications patterns, group
work dynamics, organizational consciousness, as well as optimal organization structures and preferable leadership.

While the statistics regarding forwarding/replying behavior of the members is straightforward to extract, the
evaluation and categorization of their content is a more complex task.

Regarding contents, we focused on their sentiment value and the level of politeness these reflect. Authors in [4]
emphasize the role politeness has in conveying an increased level of respect in these forms of interaction.

2.3 Modeling formal and informal structures with graphs

A proper graph model for a formal structure is the arborescence (out-tree), a directed rooted tree. The topological
order of the nodes can easily be converted into a formal rank-list. On the other hand, informal connections are usually
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referred to as networks. In a recent survey [6] the authors summarize the ways a social network can be modeled by
a social graph. In the case of simple graph models, links are represented as binary states (present/absent). However,
real networks display a large heterogeneity in the intensity of the connections. Consequently, some recent research
has modeled social interactions by weighted undirected or directed graphs. To each edge/arc of the graph, a weight
proportional to the intensity of the connections is assigned. Metrics combining weighted and topological observables
provide a better description of the hierarchies and organizational principles.

For modeling organizational e-mailing networks, a proper choice is to use weighted digraphs (G(V,A)): vertices
V represent members, and arcs A e-mail connections among them. Arcs can be (multiple) weighted with: number
of sent/forwarded/replied e-mails, average sentiment values, etc. [6].

3 Materials and Methods

3.1 Participants

We analyzed the formal-informal organizational linking possibilities described above at a Mathematics and Infor-
matics Department (MID) level within an Eastern European University. MID includes N = 10 instructors (3 women
and 7 men) ranging in age from 25 to 75 years old: 2 professors, 3 associate professors, 4 senior lecturers (assistant
professor) and 1 assistant lecturer.

All members of MID are directly subordinate to the head of department. Next superiors are the dean of the
faculty and the rector of the university. As in the case of the majority of universities, department level management
is greatly involved in procedures such as promotion, recognition and delegation. For example, even university/faculty
level promotions/recognitions assume departmental recommendations.

Department level e-mail communication is facilitated by a moderated mailing list (MID-list) that includes all
members of the department (instructors and administrative staff). Hereinafter, we refer to the e-mails sent to the
MID-list as MID-e-mails.

MID members gave consent on the study of their internal e-mail communication network including the sentiment
analysis of the e-mails content.

3.2 Data acquisition and processing

We used the organizational chart of the university to extract the formal structure of MID. The Operational Regu-
lation of MID provided us with further formal organizational information.

The corpus of e-mail messages was obtained from the mail-server of the Faculty. During the 2006-2015 period,
1726 e-mails were sent to the MID-list. Additionally, subjects consented to analysis of their e-mails sent to MID
members (2466 e-mails). While the department is not big, the collected data is voluminous. Successful studies were
reported derived from 399 e-mails collected from 5 persons [11].

We developed two software tools: (1) one to process the e-mail lists and extract the supporting data for our
research; (2) the other for the sentiment analysis of the e-mail contents following the methodology from [14].

Information about the perceived collegiality of members was obtained by the means of a standard survey,
established by the national Agency for Quality Assurance in Higher Education (AQAHE). In the survey, each
member anonymously scored their colleagues on a scale of 1 (worst) to 5 (best) the following qualities: active,
cooperative, altruist, promotes good relations between colleagues, creative, objective, consequent, firm attitude.

3.3 Popularity meassure

Popularity and gregariousness are two of the simplest measures of structural prestige resulting from the in/out-degree
of the corresponding vertex. In a binary network, the in/out-degree of a vertex x is the number of incoming-arcs
(set A–(x)) / outgoing-arcs (set A+(x)) the vertex has (see Fig. 1). To label vertex strength in weighted networks,
degree has generally been extended to the sum of weights [1,24]. Since vertex strength only takes into consideration
a vertex’s total level of involvement in the network and neglects the number of ties, [23] proposed a measure that
combines these two values, weighting between them with the help of a tuning parameter.

Since measures based on in/out-degree values might be perturbed by members’ formal status, we propose a
new informal popularity (ip) measure in e-mail communication networks, that meassures how widely (w) and often
(o) the name of a certain member (represented by vertex x) is mentioned in others’ e-mailing (represented by set
A \ (A−(x) ∪ A+(x))) (see Fig. 1). We combine in this popularity measure the number of corresponding arcs and
their weights as follows:

ip(x) = αw(x) + (1− α)o(x) (1)
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where ip(x) represents the informal popularity value of member x, w(x) denotes the number of colleague couples
that included in their e-mailing the name of member x, o(x) denotes the frequency of e-mails (between colleagues
of x) that include the name of member x, and α is a tuning parameter between 0 and 1.

Fig. 1. Bold arrows of these three complete digraphs represent the sets A–(x), A+(x) and A \ (A−(x) ∪ A+(x))) relative to
the black vertex x.

While popularity and gregariousness (degree centralities in digraphs) can be considered purely local metrics [29],
the newly defined informal popularity takes into account the entire network.

3.4 Formal structure of MID

Subjects are coded by natural numbers ranging from 1 to N. 1 is the head of department.
According to the Operational Regulation of MID department level decision-making forums are: (1) Head of

department (member 1); (2) Departmental Council (members 1,2,3,4; head of department implicitly included); (3)
One member of the Council, can also fulfill the role of deputy head of department (member 2).

From this organigram, a first ranking list can be defined as it follows, depicting with round brackets () the
hierarchical levels: (1); (2); (3,4); (5,6,7,8,9,10).

The formal organizational status of the academic staff also depends on the members’ scientific degree. In MID
there are two professors, members 3 and 5; two associate professors, members 1 and 2; five senior lecturers, members
4, 6, 7, 8, 9; and one assistant lecturer, member 10. We used this as a secondary criterion, depicted with square
brackets [], to order subjects within groups with identical formal rank: ([1]); ([2]); ([3],[4]); ([5],[6,7,8,9],[10]).

Finally, Table 1 shows the resulting rank-list (in the case of ties we attached to the corresponding members, as
rank-value, the mean of their indexes).

ID 1 2 3 4 5 6 7 8 9 10

rank 1 2 3 4 5 7.5 7.5 7.5 7.5 10
Table 1. The formal rank list of MID.

4 Findings and implications

4.1 Collegiality analysis of the formal rank list

In order for a department to be effective, members need to perceive the formal rank list as being well-founded, fair
and justified.

We computed the correlations between the formal ranking of MID-members and rankings based on the average
scores each member received from their colleagues regarding the 8 qualities covered by the AQAHE survey. As can
be observed in Table 2, the highest correlation coefficient values were found in the case of qualities such as: active,
cooperative, promotes good relations between colleagues. It is right to expect that members with managerial roles
excel just in these qualities. On the other hand, the negative correlation coefficient suggests that departmental
management should pay more attention to different aspects of objectivity.

12 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 17, No. 1



Linking Formal and Informal Structures 5

QUALITIES Spearman’s rank correlation coefficient

active 0.45
cooperative 0.47

altruist 0.12
promotes good relations between colleagues 0.45

creative 0.14
objective -0.44

consequent 0.30
firm attitude 0.21

Table 2. Spearman’s rank correlation coefficient between the formal ranking of MID-members and rankings based on the
average scores each member received from their colleagues regarding listed qualities.

4.2 Communication networks

The e-mail activity of employees automatically generates rich network data regarding their personal connections.
We depict the networks (directed graphs) extracted from the MID members e-mail communication in Fig. 2. Node
sizes are proportional with the incoming traffic while the edge width and color intensity is proportional with the
edge’s weight. Node pairwise, we used different colors for the edges, for easier distinguishability.

a) b) c)
Fig. 2. The MID social network as as portrayed by the e-mails sent / received: a) total no. of e-mails; b) “please” e-mails;
c) “thank you” e-mails.

The graphs reveal that members at the top of the formal ranking receive the most e-mails in general, while in
particular the head and deputy head of the department received the bulk of requests (“please e-mails”). Strong
pairwise connection and collaboration between members also become evident, for example between the head of
department and member 3. Here, member 3 has a supporting role as the outgoing emails dominate.

4.3 Community detection

In order to expand the study beyond individual node analysis and pairwise connections, we also performed com-
munity detection in the network obtained from the e-mail communications.

In the first approach we used the Girvan–Newman algorithm [8], a hierarchical method that detects communities
by progressively removing edges with highest betweenness centrality from the original graph. The end result of is a
dendrogram, which is depicted in Fig. 3 a).

With this method, the network did not break up in several bigger communities; only individuals separated out
one at the time. First, members 7, 5, 6, with mostly incoming traffic were separated, followed by the department
level decision-making forum, members 1-4. Last, were the members at the end of the formal rank list.

We also divided the MID network into two blocks using the Kernighan–Lin bipartition algorithm [16]. Because
the method works with undirected graphs, we replaced the directed edges between pairs of nodes with undirected
ones. The edge weights were set to the average weight values of the directed ones. The obtained partitions are shown
in Fig. 3 b).

The bipartition mostly revealed work sub-communities, with all mathematicians assigned to the same partition,
while the other partition contains purely computer science professionals. This corroborate the expected fact that
the members collaborate professionally using e-mail.
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Fig. 3. Community structures in MID. a) Dendrogram obtained with the Girvan–Newman algorithm; b)

4.4 Informal popularity evaluation

By determining the informal popularity measure (with α=0.5) for all MID members we obtained the sequence
presented in Table 3.

1 2 3 4 5 6 7 8 9 10

ip 40.5 28 20 20 19.5 17 14.5 10.5 10.5 10
Table 3. MID members’ informal popularity measures (listed in decreasing order to preserve the privacy of the members)

The first value is a positive outlier in this dataset as the index absolute deviation around the mean [18] is
3.8695. This suggests that the newly introduced measure has the potential to support management in spotting
those members who are at the center of attention in the department, facilitating recognition.

4.5 Sentiment analysis

The sentiment scores assigned to the e-mail content by the software tool[14] range from -100 to +100, where -
100 indicates a very negative and +100 indicates a very positive tone. We defined intervals [-100,-50] / (-50,+50) /
[+50,+100] as negative/neutral/positive ones. As expected the average sentiment value of the e-mails (predominantly
job oriented) each member sent to their colleague or MID-list had mostly neutral polarity.

We found that e-mails replied to MID-list had significantly (p=0.02) more positive polarity than privately sent
ones. A possible reason could be that members are more straightforward in private e-mails than in public ones [12].
Such global characterization of a work team could represent useful information that formal management should
take into account.

Additionally, we compared the sentiment polarity of the e-mails each member sent/received to/from colleagues.
Interestingly, sent e-mails were significantly more positive than received ones only in the case of the head of depart-
ment (p=0.02). Since positive managerial tone may encourage participation and collaboration [28], it contributes
to effective managerial style.

4.6 Promotion

A fair promotion system contributes to a well-founded formal ranking. The method we suggest can be operationalized
as follows:

– Step-1: rank members according to the number of MID-e-mails they replied to the MID-list;
– Step-2: compute the Spearman’s rank correlation coefficient between the formal rank list and the informal rank

from the previous step;
– Step-3: re-compute the correlation coefficient for all scenarios where a member is promoted in the formal list.
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When departmental recommendation regarding the promotion of a member is going to be established, the
corresponding increase/decrease of the correlation coefficient can be taken into account.

The correlation coefficient resulting from steps 1 and 2 was p=0.74. This significantly positive correlation sup-
ports the hypothesis that replying to the departmental e-mailing list (especial when this was not explicitly required)
indicates high interest in the matters of the department, and suggests equitable formal rank-list from the considered
perspective.

After repeatedly performing step 3 too, the following deltas were obtained (listed in decreasing order to preserve
the privacy of the members): +0.03, 0.00, 0.00, -0.01, -0.02, -0.02, -0.06, -0.06, -0.07. The only member whose
promotion would increase the correlation coefficient (+0.03) is at the second place in the informal popularity rank
list (value 28, see Table 3). Accordingly, it is presumable that other members will support his/her promotion.
Additionally, he/she is the one who sent significantly more (p=0.03) “thank-you e-mails” than he/she received.

4.7 Theoretical implications

We have contributed to social network analysis (and implicitly to network theory) by introducing a new popularity
measure based on the e-mail communication of community members. The study we performed confirmed its value
for putting the spotlight on those members who were outstanding in other respects too.

We have also added to management science with two methods for identifying (based on members’ e-mailing
behavior) potential contributors to the welfare of community. We applied these methods in the contexts of promotion
and recognition: (1) Will the planned promotion increase the correlation between the formal ranking and such
informal rankings that fairly reflect members’ related abilities and motivation? (2) Are values attached to nominees
for recognition positive outliers in the datasets that fairly reflect members’ related abilities and motivation?

4.8 Practical implications

Flexible managers realize that the effectiveness of the management depends on the degree of alignment between
formal and informal structures. In this paper we have proposed methods to investigate/evaluate this alignment: How
well does the formal rank list correlate with rankings (1) based on the scores members received from their colleagues
with regard to qualities that are important from a managerial point of view; (2) that reflect members’ “informal
e-mailing behavior” (not explicitly required replying, forwarding with formal attribute free motivation)? Such an
analysis can also be seen as a kind of diagnosing (from “informal point of view” ) of the formal ranking. Findings
out about members with managerial attributes (head, deputy-head, etc.) would complement this diagnostic.

With respect to individuals we suggest that management take into account only positive findings (our investi-
gation was made in the same spirit) and to adopt them only as additional factors besides the generally accepted
ones.

5 Conclusions

In this paper, we have introduced new formal-informal organizational linking possibilities based on the e-mail
communication of the members. We have suggested methods to promote formal procedures such as promotion and
recognition. We have defined a new popularity measure based on how widely and often the name of the corresponding
member is mentioned in others’ e-mailing.

This study illustrates how these methods can be implemented effectively in department level academic set-
tings. Our findings also reveal ways in which attentive investigation of an organizational formal/informal e-mailing
database can result in gaining insight into the characterizations of the work community that can provide valuable
information for formal management.
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Abstract. Text classification is an important task in Natural Language Processing. Traditionally, human-designed features
are used on text classifiers. In recent years, methods based on word embeddings and deep learning have made a great
breakthrough. Deep neural networks such as convolutional neural networks and recurrent neural networks have achieved
very good results. The attention mechanism, especially self-attention, has also gained great performance on many NLP tasks.
This paper describes an extensive pyramid network for text classification. The pyramid architecture is simple and elegant
by using max pooling layers in many pyramid blocks. In each pyramid block, self-attention layers are used to capture the
relationship between the words in the sequences. In addition, recurrent layers are used to obtain the order information and
convolutional layers are applied to get the local contextual information. Experiments on five large-scale text classification
datasets show that our network achieves better performance than the previous models.

Keywords: Text Classification · Deep Learning · Self Attention.

1 Introduction

Text classification is an essential component in many NLP applications, including information filtering, web searching, sen-
timent analysis, and spam detection [1,24] . Traditional methods usually represent texts with features, such as bag-of-words
(BOW), n-grams and latent Dirichlet allocation (LDA)[9], and then use different classifiers on the text representation [28,12].
However, these traditional methods cannot capture the contextual information and the word order. Recently, models based on
deep neural networks and word embeddings have become increasingly popular [16,31,18], and achieved amazing performance
on various NLP tasks. Word embedding is a distributed representation of words, which represents the meanings of the words.
In previous work [16], it is shown that using non-static pre-trained word embeddings could achieve good results.

Recurrent neural networks (RNN) are commonly used on NLP tasks. RNN is able to store the semantics of the previous
words and capture the contextual information [5]. However, RNN is a bias model, where later words are more dominant than
earlier words. Thus, it could reduce the effectiveness when it is used to capture the semantics of a whole document, because
key components could appear anywhere in a document rather than at the end [18]. Also, because of the recurrent structure,
RNN is very slow.

Convolutional neural networks (CNN) also achieve good performance in text classification [16,15]. CNN can fairly de-
termine discriminative phrases in a text with a max pooling layer. Compared to RNN, it could better capture the semantic of
texts, and it is much faster. However, CNN is difficult to determine the window size [18]. Small window sizes may result in
the loss of some critical information, whereas large windows result in an enormous parameter space, which could be difficult
to train. Meanwhile, CNN cannot capture the order information of the words.

The attention mechanism is a function to focus on the most important part of the texts, because not all parts of a document
are equally relevant [30]. The attention mechanism is widely used on a large amount of NLP tasks, such as machine translation
[2], image caption [29], and text classification [30,32]. Another attention mechanism called self-attention could capture the
relationship of different positions in a sequence [27], and it has been used successfully in a variety of tasks including semantic
role labeling, reading comprehension, abstractive summarization, textual entailment and learning task-independent sentence
representations [25,3,22,21,19]. In this paper, we introduce the Extensive Pyramid Network (EPN), which is more complex
and more efficient than traditional pyramid structures. EPN has recurrent layers, self-attention layers and convolutional layers
in many pyramid blocks. The self-attention layers could focus on the important parts of the sequences and obtain global
dependency. The recurrent layers and convolutional layers could gain order information and local contextual information. It
is observed that all three types of layers are useful in the pyramid structure, and it is better than using convolutional layers
only. Besides, we use a multi-region embedding layer over the word embedding layer, which achieves higher accuracy than
single-region embeddings. Our model outperforms the previous models on five large scale text classification datasets.
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2 Model

2.1 Overall Structure

The overall structure of EPN is shown in Fig. 1a. The first layer is the multi-region embedding layer, which is a parallel
convolutional layer over the word embeddings. It is also called region embedding layer [14], which could cover one or more
words of the sequences. In this paper we choose different regions and concentrate them together. Then we add several pyramid
blocks on the multi-region embeddings. Each pyramid block contains a pooling layer, a recurrent layer, a self-attention layer
and a convolutional block. The details of the convolutional block are shown in Fig. 1b. The number of the pyramid blocks is
fixed to 7 unless otherwise specified. At last, the global max pooling layer gets the representation of the text, and a softmax
layer is added to predict the labels. The details are described in the following sections.

2.2 Multi-region Embeddings

It is shown that adding a convolutional layer with region size k > 1 over the word embeddings could capture complex concepts
[14]. In our model, we use different region sizes over the word embeddings and concentrate them together to produce the multi-
region embeddings. It could learn more information from different regions. In this paper, we set the regions to be 3, 4 and 5,
having 30, 30, and 40 feature maps separately.

Fig. 1. (a) The structure of EPN. (b) The details of the convolutional block. ⊕ is the addition operation.

2.3 Pyramid Blocks

The pyramid block has four parts: pooling layer, recurrent layer, self-attention layer and convolutional blocks. The pooling
layer could reduce the size of the input by half and decrease the computational complexity [14]. The recurrent layer is able to
obtain the word order information on both forward and backward directions. The self-attention layer could gain the relationship
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between the different words of the sequences. The convolutional blocks are used to get the local contextual information. All
of the layers are useful and have a contribution to increasing the accuracy of the structure. In previous work, the deep pyramid
convolutional neural network (DPCNN) also has a pyramid structure, but only CNNs are used in that network. Our pyramid
blocks with different types of layers are able to obtain more information.

Pooling Layer The pyramid blocks begin with a pooling layer, which is max pooling with pool size 2. This pooling operation
could halve the length of the input, so the whole structure of the input size looks like a pyramid. In this way, the global
information is obtained. After the last pyramid block, a global max pooling layer is added to get the final representation of the
texts.

Recurrent Layer We choose the long short-term memory as the recurrent unit [11]. Bidirectional LSTMs are used to build the
recurrent layer, because the bidirectional LSTM networks could get the future context [32]. The input sequence is processed
by two LSTMs from both directions, and in this way, the order information of both directions is obtained. Then we concentrate
on the two hidden states:

−→
ht = LSTM(xt,

−−→
ht−1) (1)

←−
ht = LSTM(xt,

←−−
ht+1) (2)

yt = [
−→
ht ,
←−
ht ] (3)

In pyramid blocks, we set the dimension of each LSTM to be 50, so the dimension of the recurrent layer is 100.

Self-attention Layer Self-attention is an attention mechanism which could relate different words of the sequence [25]. The
self-attention mechanism has been successful in many NLP tasks. We use multi-head self-attention [27], which allows the
model to learn the information from different positions. The attention function is computed by n queries Q ∈ Rn×d, keys
K ∈ Rn×d, and values V ∈ Rn×d.

Attention(Q,K, V ) = softmax(
QKt

√
d
) (4)

where d is the dimension of queries and keys. Then the multi-head attention is calculated with h parallel heads.

headi = Attention(QWQ
i ,KW

K
i , V WV

i ) (5)

MultiHead(Q,K, V ) = Concat(head1, ..., headh)W
O (6)

where WQ
i ∈ Rn×d/h, WK

i ∈ Rn×d/h, WV
i ∈ Rn×d/h and WO ∈ Rd×d.

In order to maintain the same dimension, the dimension d is set to be 100, which is the same as the recurrent layer. We
employ the parallel attention layers h =10. In this work, we use the self-attention mechanism, so the queries, the keys and the
values are the same.

Convolutional Blocks In the convolutional blocks, we use shortcut connections [6], which is x + f(x). The f function
usually represents two convolutional layers. The shortcut connections were first applied in image classification tasks, and also
have been successfully used in NLP tasks [14,4]. In this paper, we also use pre-activation, which means Wσ(x) + b at every
convolutional layer [7]. Here the σ function is the rectified linear unit [20]. The kernel size is set to be 3. Also, to keep the
dimensions unchanged, all convolutional layers have the same feature maps 100.

2.4 Text Classification

After having the representation v of the text by the final pooling layer, in order to classify the labels, a softmax layer is added.

p = softmax(Wcv + bc) (7)

and the loss function is negative log-likelihood:

loss =
∑
D

log pDj (8)

where D represents each text with label j.
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Table 1. Dataset information.

Dataset Classes Documents Max words Average words
Yelp2013 5 468,607 1060 129
Yelp2014 5 670,439 1053 116
Yelp2015 5 897,834 1092 108

Yelp P 2 598,000 1072 138
Amazon P 2 4,000,000 596 153

3 Experiments

3.1 Datasets

We evaluate our model on five large-scale sentiment analysis datasets. The information of the datasets are shown in Table 1.
We choose 80% data for training, 10% for validation, and 10% for testing.

Yelp Reviews The Yelp reviews datasets are obtained from the Yelp Dataset Challenge [26], having 5 sentiment labels (the
higher, the better). This dataset has 4,736,892 documents, and three subsets Yelp 2013, 2014, and 2015 containing 468,607,
670,439 and 897,834 documents separately are extracted. Yelp P is a polarity dataset including 598,000 documents with two
sentiment labels, and we obtained it from [31].

Amazon Reviews The Amazon reviews dataset contains 34,686,770 reviews on 2,441,053 products from 6,643,669 users
[8]. The Amazon P dataset is also a polarity dataset with two labels, which is also obtained from [31]. The review title and
review content are combined into one document, and we utilize it to predict the text labels.

3.2 Baselines

We compare our model with DPCNN [14], and HAN [30]. These two models had better results when they compared with the
other models in their reports. Also, we add ShallowCNN to be a baseline model [13]. In order to compare the performance of
different models, we use the same pre-trained word embeddings in all the models. We reproduced the baseline models with
the hyper parameters in their reports.

DPCNN Deep pyramid CNN is proposed by Johnson and Zhang [14]. They also build a pyramid structure, using shortcuts
and two convolutional layers with kernel size 3 in each block. The number of all feature maps are fixed to be 250.

DPCNN+ In order to compare models having the same depth, we implement a DPCNN+, which has the same number of
layers with EPN. In DPCNN+, the convolutional blocks are repeated twice before max pooling. So there are four convolutional
layers and two shortcuts in one block, which is equal to the number of one pyramid block in EPN.

HAN Hierarchical attention network is proposed by Yang et el. [30]. They construct a hierarchical structure at word level and
sentence level. They use bidirectional GRUs and attention mechanism on both level. The dimension of each GRU is set to be
50.

ShallowCNN ShallowCNN is proposed by Johnson and Zhang [13]. One convolutional layer is added after the word embed-
ding layer, and the number of feature maps is set to be 500.

3.3 Model Configuration and Training Protocol

For each dataset, we retain the top 30,000 words of the vocabulary and use the pre-trained GloVe embeddings to initialize
the word embeddings [23]. The word embed-ding dimension is set to be 300. The dimension of each layer is 100, so the
dimension of both LSTM is 50 and the feature maps of the CNNs are 100. The dimension of self-attention layer is also 100,
and the number of the heads is 10. The region size of the multi-region embedding layer is 3, 4 and 5 with 30, 30 and 40 feature
maps. The weights are initialized at random.

For training, we set the mini-batch size to be 100 and use Adam with α = 0.001 ,β1 = 0.9 ,β2 = 0.999 and σ = 10−8 [17].
We tune the hyper parameters on the validation set. To avoid over-fitting, we add dropout with 0.5 after the word embedding
layer [10], and using L2 regularization with parameter 0.0001 on the word embedding layer.
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Table 2. Text classification results, in percentage.

Dataset Classes Documents Max
words

Average
words

Average
words

Average
words

EPN GloVe 69.76 72.70 75.09 97.19 96.36
DPCNN+ GloVe 69.05 72.11 74.56 96.97 96.22
DPCNN GloVe 68.93 72.00 74.47 96.88 96.15

HAN GloVe 68.97 72.05 74.38 96.73 96.01
ShallowCNN GloVe 68.26 71.52 73.94 96.53 95.66

3.4 Results

The results on all datasets are shown on Table 2. From Table 2 we could see that EPN outperforms DPCAN, HAN and
ShallowCNN on all the datasets. In the previous study of HAN and DPCNN [30,14], their reports show that their models
are better than linear methods, SVMs, LSTM, char-level CNN [31], Conv-GRNN and LSTM-GRNN [26]. Their models
underperform our model when we use the same pre-trained word embeddings to initialize the models.

EPN can be regarded as a expansion of DPCNN. In EPN, recurrent layers, self-attention layers and convolutional blocks
are all used in the pyramid blocks rather than just using convolutional blocks. The results show that on all datasets, EPN
has higher accuracy than DPCNN+. DPCNN+ has better performance than DPCNN because of the addition layers, but the
increase is much smaller than EPN. The improved accuracy demonstrates that using recurrent layers, self-attention layers and
convolutional layers are more powerful than just using convolutional layers. We use an NVIDIA GTX 1080 GPU to train the
model, and the computation time and accuracy of each model on Yelp 2013 dataset is shown in Fig. 2. Note that the LSTMs
in EPN and the GRUs in HAN are optimized in cuDNN-level. Because of the additional layers in each pyramid block, our
model is more complex. Because EPN has more layers, DPCNN and HAN are 2.5 times as fast as EPN. When we compare
EPN with DPCNN+, DPCNN+ is twice as fast as EPN, because the recurrent layers and multi-head self-attention layers are
slower than convolutional layers, but EPN has much higher accuracy.

3.5 Analysis

In this subsection, we discuss why EPN achieves better performance. The results are experimented on Yelp 2013, Yelp 2014
and Yelp 2015 datasets.

Model Depth We choose EPNs with 1, 3, 5 and 7 pyramid blocks, and the results are shown in table 3. EPN with 3, 5 or 7
blocks achieve better performance than EPN with one block. On Yelp 2014, EPN with 7 blocks achieves the best performance.
However, EPN with 3 blocks outperforms others on Yelp 2013 and Yelp 2015. So model depth is an important hyper parameter
of the model, it may be not the deeper, the better. EPN with 3 pyramid blocks is a good choice to try first.

Fig. 2. Computation time and accuracy.
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Table 3. Accuracy of EPNs with different number of pyramid blocks.

Model Pyramid
Blocks

Yelp 2013 Yelp 2014 Yelp 2015

EPN 1 69.42 72.37 74.75
EPN 3 69.83 72.56 75.13
EPN 5 69.64 72.61 74.95
EPN 7 69.76 72.70 75.09

Table 4. Text classification results, in percentage.

Model Embed Region Feature
Maps

Yelp 2013 Yelp 2014 Yelp 2015

EPN GloVe 3,4,5 30,30,40 69.76 72.70 75.09
EPN GloVe 3 100 69.76 72.56 75.00
EPN GloVe 5 100 69.48 72.52 74.88

Different Types of Layers The results in Table 2 have shown that EPN is more powerful than DPCNN+ when they have the
same number of layers. The results in Table 3 demonstrate that EPN with 1, 3, 5 and 7 pyramid blocks outperform DPCNN
and DPCNN+. So using different types of layers could get more information than using convolutional layers only.

Multi-region Embeddings In order to study the efficiency of multi-region embeddings, we compare it with single-region
embeddings. The results are shown in Table 4. On all the datasets, multi-region embeddings with region size 3, 4 and 5 out-
performs single-region embeddings with region size 3 or 5. So multi-region embeddings are able to capture more information
from different regions.

4 Conclusion

In this paper, we proposed an extensive pyramid network for text classification. Our model could obtain more information
than traditional pyramid structures by the different types of layers in the pyramid blocks and the multi-region embeddings.
Experiments on five text classification datasets demonstrate that our model is more efficient than previous models.
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Abstract. Dialogue generation is a challenging task of giving a humanlike response according to the
dialogue context. Recently, most studies treat it as a translation task and employ a sequence-to-sequence
with attention framework to produce the responses. This framework is suitable for the translation since it
can align semantics. However, in the dialogue task, it could not properly model the real response generation
process. Actually, people usually produce a response based on the anticipatory core thought, which does
not need the strict semantic alignment. Therefore, we propose a static-dynamically attentive variational
network (SdavNet) to imitate the process of human thinking before response. Specifically, we design a novel
static-dynamic attention that contains a static attention to globally distill a leitmotiv based on a learned
latent variable, and a dynamic attention to assist the decoder in expanding the leitmotiv to a meaningful
and diverse response from a local perspective. Meanwhile, the von Mises-Fisher (vMF) distribution is
introduced to improve the KL-vanishing problem existed in the variational network. Experimental results
on two large datasets demonstrate our model’s potential in dialogue generation.

Keywords: Dialogue generation · Neural networks
Neural variational model · Static-dynamic attention mechanism
von Mises-Fisher distribution

1 Introduction

Intelligent chatbots aim to interact naturally and consistently with human regarding to a wide range of topics
in open domains [1]. A widely adopted approach to build a chatbot is to train a sequence-to-sequence (Seq2Seq)
with attention model [2–4] which is first introduced in neural machine translation (NTM) task [5, 6]. Specifically,
before Seq2Seq producing the word at each time step, the attention mechanism will calculate a probability
distribution over the input words, which tells the model what to focus on to generate the next word. In spite
of its current success in NMT, the Seq2Seq with attention framework tends to favor the “safe” responses in
dialogue generation task, which are uninformative and meaningless like “me too” or “I don’t know” [7, 8].

There are several possible reasons for this problem and one of them is that the dialogue task is intrisically
different from the translation task in terms of sentence (response or target language) generation process. In case
of translation, since there exists a 1-to-1 relationship between every word in a language and its translation in
another language as shown in Figure 1, conventional attention mechanism is suitable for this task by aligning
the context at each time step. However, in the conversation scenario, the sentence expressed by human not only
has diverse word and phrase representations, but also can convey a clear core thought which is semantically
relevant and coherent with the context history. It is mainly attributed to the way of human thinking where
we often first come up with a leitmotiv for the response based on the dialogue context, and then reorganize it
into the meaningful and diverse response. Yet this translation-based framework could not suitably imitate this
process.

Previous methods addressing the “safe response” problem can be broadly divided into two categories: (1) the
first category attempts to optimize the Seq2Seq architecture itself, including improving objective function with
mutual information [8], highlighting the important parts of the context by a hierarchical attention mechanism
[17], introducing the latent variables as global context structure [10–12], etc. (2) the second category encourages
the specific responses by introducing the external resources, such as topic words [13] and knowledge base [14].
These methods seem to be great successes in dialogue generation, yet they still have insufficiency in generalization
of core thoughts of responses.

In this work, inspired by the way of human thinking, we propose a novel Static-Dynamically Attentive
Variational Network (SdavNet) to improve the quality of generated responses. The key idea of SdavNet is to
first distill a leitmotiv vector for the predicted response and then expand it to a high-quality response, which

? Equal contribution.
†Corresponding author.
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Fig. 1. A translation example from NIST Chinese-English translation tasks [9].

Fig. 2. The SdavNet framework during testing.

is mainly accomplished by the designed static-dynamic attention. In detail, our model contains three parts:
a context understanding module, a leitmotiv distillation module and a leitmotiv-based response generation
module. The understanding module first encodes the dialogue history into a history vector, based on which
the distillation module strives to learn a vMF-distributed latent variable as the holistic structure information
to assist the static attention to extract a useful leitmotiv vector. Afterwards the learned history vector, latent
variable and leitmotiv vector are fed into the generation module to produce the diverse response with the help
of the dynamic attention.

The main contributions of this paper are listed as follows:

– Propose a novel static-dynamically attentive variational network to generate the meaningful and diverse
responses by imitating the way of human thinking in the conversation scenario.

– Introduce a vMF distribution to slove the KL-vanishing problem during optimizing the variational network,
to our knowledge, our model is the first work to use vMF distribution in the dialogue generation task.

– The experimental results on two large conversation datasets validate the effectiveness of our model.

2 Related Work

Since the availability of large conversation corpora on the Internet recently, building a data-driven chatbot has
become a research hotspot. There exist both retrieval-based methods [15, 16] and generation-based methods
[2–4] for open domain chatbots. The generation-based methods have the advantages of producing the more
flexible and extensible responses. A prevailing practice is to employ a Seq2Seq with attention model [2–4] like
the NMT task, however, it tends to generate the dull and uninformative responses.

To tackle this problem, one line of research has focused on improving Seq2Seq model itself. For example, Li
et al. [8] introduces the Maximum Mutual Information (MMI) as a term in loss function to penalize the safe
responses. Besides this, Xing et al. [17] proposes a hierarchical attention mechanism to highlight the important
parts of the context at different levels, while some other models [10–12] are proposed in order to introduce the
latent variables into the generation process. On the other hand, many attempts have also been made to augment
the input with richer external information. For example, Li et at. [18] encodes persona information into the
distributed embeddings to control the speaker consistency. Xing et al. [13] extracts a set of topics based on
Latent Dirichlet Allocation (LDA) to encourage more topic coherent responses, and Liu et al. [14] designs the
facts matching and entity diffusion to enrich responses.

Although the previous methods improve the response quality to some extent, they neglect the generalization
of the core thoughts of responses, which is a crucial step to maintain semantic consistency with the context
history. In this work, we design a static-dynamic attention mechanism that assists the SdavNet model in first
distilling a leitmotiv vector for response and then expanding it to an unabridged and fluent sentence. Notably,
different from the existing dual attention architecture that contains two dynamic attentions [13, 17], our designed
attention consists of a static attention and a dynamic attention, which respectively generalizes the core thought
of the response globally and improves the diversity for each word locally. Furthermore, the effectiveness of vMF
distribution has also been proven in many tasks, such as sentence editing [19] and document modeling [20].

3 The Proposed Method

3.1 Task Description and Model Overview

Given a dialogue context x = (x1,x2, ...,xn) where xi = (xi,1, xi,2, ..., xi,Ni) is an utterance with Ni words, our
task is to generate a response y = (y1, y2, ..., ym) that is semantically relevant and diverse. Motivated by the
way of human thinking, we propose a static-dynamically attentive variational network (SdavNet) to first distill
a leitmotiv and then expand it into a response. Essentially, the goal is to estimate the conditional probability:

P (y, z|x) = P (z|x)P (y|x, z) (1)

where the latent variable z is utilized to capture the structure information of the context. P (z|x), parameterzed
as the prior network, stands for the true prior distribution of z. And P (y|x, z) =

∏m
i=1 pvocab(yi) denotes the

probability of generating y, which is implemented by a generation module in our model.
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Figure 2 gives the architecture of SdavNet, which can be divided into three modules. The first module is
context understanding module that encodes the context in a hierarchical setting. To obtain a suitable core
thought for the response, we devise the leitmotiv distillation module to learn a vMF-based latent variable z,
which is then fed into the static attention to produce a leitmotiv vector. Finally, the leitmotiv-based response
generation module is designed to generate the high-quality responses conditioned on the outputs of the above
two modules.

3.2 Context Understanding

To better understand the dialogue context, we employ a hierarchical encoder to obtain the hidden representations
of the input, which contains a utterance encoder and a context encoder. The utterance encoder is implemented
by bidirectional GRU [6], including a forward network ffwGRU and a backward network f bwGRU . It takes in words
sequence of xi and computes the utterance vector hi as:

[hfwi,1 , h
fw
i,2 , ..., h

fw
i,Ni

] = ffwGRU (xi) (2)

[hbwi,1, h
bw
i,2, ..., h

bw
i,Ni ] = f bwGRU (xi) (3)

hi,j = [hfwi,j , h
bw
i,Ni−j+1] (4)

hi = hi,Ni (5)

where hfwi,j and hbwi,j denote the hidden states of forward GRU and backward GRU respectively for the j-th word
in xi. hi,j stands for the state vector of the j-th word in xi. hi represents the summary of the utterance xi.
Similarly, we can also obtain the utterance vector hy of the response y.

After the xn is processed by the utterance encoder, the context encoder, an unidirectional GRU network
funiGRU , reads h1, h2, ..., hn in their order and calculates the hidden vectors as:

[l1, l2, ..., ln] = funiGRU (h1, h2, ..., hn) (6)

where the last hidden vector ln is treated as the history vector representing the whole dialogue context history.

3.3 Leitmotiv Distillation

This module is designed to extract and distill a suitable leitmotiv that represents the core thought of the
response. It consists of two parts: a vMF-based recognition/prior network component and a static attention
component.

3.3.1 vMF-based Recongniton/Prior Network
On top of the context encoder, we introduce a recognition network qφ(z|x,y) and a prior network pθ(z|x) to
sample latent variables during training and testing respectively. To slove the KL-vanishing problem in the neural
variational model, we employ vMF as the distribution of latent variables. Thus we set the recogniton network
qφ(z|x,y) ∼ vMF (µre, κre) and the prior network pθ(z|x) ∼ vMF (µprior, κprior). Next, we will describe the
vMF distribution, introduce the KL divergence and give a sampling technique for it.
vMF Distribution The von Mises-Fisher (vMF) distribution is defined in a hyperspherical latent space,
parameterized by a direction vector µ ∈ Rd with ‖µ‖= 1 indicating the mean direction and a concentration
parameter κ ∈ R≥0. The PDF of the vMF distribution for a unit vector z ∈ Rd is defined as:

fm(z;µ, κ) = Cd(κ) exp(κµTz) (7)

Cd(κ) =
κd/2−1

(2π)d/2Id/2−1(κ)
(8)

where Cd(κ) is the normalization constant, and Iρ stands for the modified Bessel function of the first kind at
order ρ.

In our model, we set κre, κprior as a constant and compute µre, µprior as:

µ̃re = fre([ln, hy]) (9)

µre = µ̃re/‖µ̃re‖ (10)

˜µprior = fprior(ln) (11)

µprior = ˜µprior/‖ ˜µprior‖ (12)

where fre and fprior are two linear transformations, and ‖·‖ denotes 2-norm to ensure the normalization.
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KL Divergence Different from previous work [19, 20], without vMF (·, 0) as the prior, the KL divergence needs
to be recalculated as:

L1 = KL(qφ(z|x,y)‖pθ(z|x))

= KL(vMF (µre, κre)‖vMF (µprior, κprior))

= (d/2− 1) log
κre
κprior

− κpriorµpriorµ−1re
Id/2κre

Id/2−1κre

+ log
Id/2−1κprior

Id/2−1κre
+ κre

Id/2κre

Id/2−1κre

(13)

Sampling Technique for vMF We utilize the rejection sampling scheme [21] to sample a value w ∈ [−1, 1],
then derive a unit vector tangent υ at the mean vector µ on the surface of the hypersphere. Based on these, our
latent variable z can be given by z = wµ+ υ

√
1− w2.

3.3.2 Static Attention for Globally Leitmotiv Distilling
We design the static attention component to obtain a stable core thought for the response. Different from
the traditional attention mechanism, the static attention in leitmotiv distillation module depends on both the
hidden vectors of the context level encoder and the sampled global structure information z, and only operates
once when generating a response. Specifically, it calculates a weight vector α = (α1, α2, ..., αn) for {li}ni=1, which
is computed as:

ei = vTsta tanh(Wlli +Wzz + bsta) (14)

α = softmax(e) (15)

where vsta,Wl,Wz and bsta are learnable neural network parameters. This weight vector can find the important
utterances which make more contributions to the distilled core thought. Then a leitmotiv vector that represents
the core thought of the response can be obtained by:

csta =
∑
i αihi (16)

3.4 Leitmotiv-based Response Generation

The leitmotiv-based response generation module builds on a deocder with a dynamic attention, which is re-
sponsible to generate semantically relevant and diverse responses. At the begining of generation, the decoder
receives the history vector ln, global structure information z and leitmotiv vector csta as the initial hidden state.
Thereafter, at each step t, the decoder processes the word embedding of the previous word (while training, this
is yt−1 in the ground truth; at test time it is the previous word emitted by the decoder), and produces a decoder
state st which is used to determine the context vector ctdyn.

3.4.1 Dynamic Attention for Locally Grasping the Diversity
We employ the attention proposed by Bahdanau et al. [6], but apply it on the output of the utterance encoder
to obtain the context vector ctdyn at the step t:

dti = vTdyn tanh(Wh′h′i +Wsst + bdyn) (17)

βt = softmax(dt) (18)

ctdyn =
∑
i β

t
ih
′
i (19)

where h′i stands for the hidden vector of the i-th word in whole context; βt is the dynamic attention distribution
at the time step t; vdyn,Wh′ ,Ws and bdyn are learnable parameters. The learned context vector ctdyn can tell
the decoder what to focus on when generating the next word yt.

3.4.2 Leitmotiv-driven Decoding
After obtaining the leitmotiv vector csta and the context vector ctdyn, we concatenate them with the decoder
state st, then they are used to calculate the vocabulary distribution pvocab through two linear layers:

pvocab = softmax(V ′(V [st, csta, c
t
dyn] + b) + b′) (20)

where V, V ′, b and b are learnable parameters. pvocab stands for the probability distribution over the whole
vocabulary, and the probability to generate word yt is pvocab(yt).
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Table 1. Statistical information of Cornell and Ubuntu.

Corpus Train Valid Test Avg. Utter-
ances

Avg.
Words

Vocab Coverage

Cornell 135155 1393 1193 3.93 16.7 10000 98.18%

Ubuntu 448833 19584 18920 4.94 23.67 20000 99.12%

The loss function of the decoder is given by:

L2 = −Eqφ(z|x,y)[log p(y|x, z)]

= −Eqφ(z|x,y)[
m∑
i=1

log pvocab(yi)]
(21)

Therefore, the overall loss function L of SdavNet is:

L = L1 + L2 (22)

4 Experiments

4.1 Experiment Configuration

Datasets We conduct the experiments mainly on Cornell Movie Dialogs Corpus1 [22] and Ubuntu Dialogue
Corpus2 [23]. The Cornell dataset contains more than 80,000 imagined movie dialogues, in which we remove the
ungrammatical characters and divide the original dialogues into consecutive 2-10 utterances. The Ubuntu dataset
contains about 500,000 dialogues collected from the Ubuntu Internet Relayed Chat channel, each of which starts
with a Ubuntu-related technical problem and follows by the corresponding responses about solutions.

In the above two datasets, the last utterance in a conversation is regarded as the response and the remaining
ones are the input context. The detailed statistical information is shown in Table 1.
Implementation Our model is implemented based on Tensorflow and trained on an Nvidia GPU card. We set
word embeddings to size of 200 and initialize them randomly. The hidden sizes of all GRUs in encoders and
decoder are 500. The latent variable z sampled from vMF has a size of 100. Furthermore, we employ the Adam
optimizer [24] to tune our model with a learning rate of 0.001. The batch size is set to 30. We select the best
models based on the early-stop strategy [25] on the validation set and report their performances on the test set.
Baselines We compare the SdavNet with several state-of-the-art models: S2SA [4], HRED [7], VHRED [10]
and HVMN [12].

4.2 Evaluation Metrics

We analyze the model’s performance in terms of the following metrics:
Embedding Based Metrics We employ three embedding based metrics (Average, Greedy, Extreme)3 [26],
which can measure the semantic relevance between generated responses and ground truths.
Distinct-1 & Distinct-2 Following Li et al. [8], we calculate the numbers of distinct unigrams and bigrams in
the generated responses, then divide total unigrams and bigrams respectively. The higher value indicates that
the responses are more diverse.
Human Evaluation In addition to the automatic mertics, we also recruit three human annotators to judge
the quality of the generated responses. We show them 300 contexts with responses generated by each model.
Each response is rated according to the following criteria: 1: the response is not grammatical or semantically
relevant; 2: the response is grammatical and weakly related, but might not be informative enough (e.g., “I don’t
know”); 3: the response is not only grammatical and semantically relevant, but also informative and interesting.
The agreements among annotators are calculated with Fleiss’ kappa [27].

4.3 Evaluation Results

Automatic Evaluation Results Table 2 shows all metric-based evaluation results of our model and baselines
on two datasets. From the results, we can observe that: (1) HVMN can obtain the best performance among the

1
The dataset is available at https://www.cs.cornell.edu/~cristian/Cornell Movie-Dialogs Corpus.html.

2
We use the same train-validation-test split as in [12].

3
We use the embeddings trained on Google News Corpus: https://code.google.com/archive/p/
word2vec/.
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Table 2. Comparisons between our SdavNet and the baselines under the automatic evaluation.

Model Average Greedy Extreme Distinct-1 Distinct-2

Cornell

S2SA 0.1902 0.1439 0.1305 0.46% 1.33%
HRED 0.4586 0.3215 0.2681 1.30% 3.29%
VHRED 0.4630 0.3234 0.2734 1.41% 4.37%
HVMN 0.5063 0.3711 0.3033 2.15% 9.70%
SdavNet 0.5972 0.5161 0.3615 3.52% 19.64%

Ubuntu

S2SA 0.2156 0.1688 0.1265 0.47% 2.60%
HRED 0.5415 0.4117 0.31933 0.84% 4.09%
VHRED 0.5341 0.4027 0.3062 1.51% 7.72%
HVMN 0.5584 0.4229 0.3220 1.93% 10.05%
SdavNet 0.5985 0.4388 0.3225 2.29% 13.21%

Table 3. Human evaluation results on Cornell dataset.

Model
score distribution

Kappa
1 2 3

S2SA 48.77% 44.01% 7.22% 0.44
HRED 45.55% 39.57% 14.88% 0.43
VHRED 41.44% 33.68% 24.88% 0.46
HVMN 39.11% 30.45% 30.44% 0.45
SdavNet 36.44% 25.12% 38.44% 0.40

baselines, whereas our model outperforms all baselines, which verifies the effects of the static-dynamic attention
and vMF distribution. (2) In terms of three embedding based metrics, VHRED performs better than HRED
on Cornell, while HRED has a better performance than VHRED on Ubuntu, which indicates that the latent
variables have a more obvious effect on the open-domain datasets.

Human Evaluation Results Table 3 shows the human evaluation results on Cornell data, in which the score
distribution values represent the percentages of responses belonging to each category. From the results, we
can observe that: (1) SdavNet generates much more informative and interesting responses (i.e., 38.44% labeled
as ‘3’) and much less general responses (i.e., 25.12% labeled as ‘2’) than all the baselines. The results verify
the effectiveness of our model again. (2) The higher kappa scores demonstrate that the annotators come to a
fair agreement. Meanwhile, the t-test we conduct indicates that the improvements of SdavNet are statistically
significant (p-value<0.01).

4.4 Discussions

Model Ablation To examine the effectiveness of the static and dynamic attentions, we conduct two individual
experiments by removing one of the attentions each time. From the results presented in Table 4, we have the
following observations: (1) Removing the static (denoted as SdavNetdyn) or dynamic (denoted as SdavNetsta)
attention makes the performances drop, which indicates that both the static attention and the dynamic attention
are indispensable to improve SdavNet’s performance; (2) Interestingly, SdavNetdyn obtains the highest distinct-
1 and distinct-2 values but the lowest embedding based metric values among these three models. The results
demonstrate that the dynamic attention can dominate the decoder to generate different words by aligning the
context, but the generated responses are semantically irrelevant due to the lack of the guidance of core thoughts
generalized by the static attention.

The Effect of vMF on KL The vMF-based KL term in VAE is a constant [19, 20], but the one in CVAE
(Eq.(13)) depends on the learned µprior and µre, thus we conduct a set of experiments with different model
setups (SdavNet with Gaussian or vMF distribution) to verify the effectiveness of vMF distribution in sloving
the KL-vanishing problem. Figure 3 visualizes the evolution of the KL cost during training. We can see that
for the Gaussian case, the KL value decreases from 68.33 to 15.75 and never recovers. On the contrary, the
vMF-based KL cost is relatively stable around 41, which experimentally demonstrates that the variable µprior
and µre have little effect on KL. Therefore, the vMF is a better selection to slove the KL-vanishing in the CVAE
framework.
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Table 4. Performances of model ablation on Cornell dataset.

Model Average Greedy Extreme Distinct-1 Distinct-2

SdavNetdyn 0.3358 0.2116 0.2004 10.82% 40.69%
SdavNetsta 0.5519 0.5138 0.3470 2.08% 10.33%
SdavNet 0.5972 0.5161 0.3615 3.52% 19.64%

Fig. 3. The value of the KL divergence during training with different setups on Cornell.

5 Conclusion

In this work, we propose a static-dynamically attentive variational network (SdavNet) for dialogue generation.
Different from the traditional models, the proposed model first distills a leitmotiv that represents the core
thought of the response, and then expands it to a complete response. As for the KL-vanishing problem in
the variational models, we introduce the vMF distribution to improve the training procedure. Experimental
results show that our model outperforms the competitive baseline models significantly, meanwhile generates
semantically relevant and informative responses.
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Abstract. Knowledge Base Question Answering(KBQA) is an important task in NLP domain and equally
difficult. Billions of facts can be accessed with KBQA in efficient way. However, it includes the challenging
part of mapping a natural language question to a structured KB query. In this paper, we extended a previous
work which is based on memory networks with a re-ranking procedure. For carrying out the re-ranking
procedure, we used a relation predictor model which we have implemented using deep learning. The new
procedure re-ranks the top candidate answers given by the previous KBQA model. After re-ranking, our
model outputs the highest scored candidate answer as the output. The experimental results show that our
approach achieves the best result on SPADES (Semantic PArsing of DEclarative Sentences) dataset.

Keywords: knowledge base, key-value memory network

1 Introduction

Question Answering task is very important and long standing goal in Natural Language Processing. Large-
scale knowledge bases (KB) like DBPedia (Auer et al., 2007)[1] and Freebase (Bollacker et al., 2008)[2] have
become important resources for supporting open-domain question answering (QA). Knowledge Base Question
Answering(KBQA) systems answer questions by obtaining information from KB tuples(Berant et al.,2013[6];Yao
et al.,2014[8];Bordes et al.,2015[7];Yih et al.,2015[9]). Each KB tuple contains one head-entity, relation, and
tail-entity. For example, the fact ”Bewkes worked for Time Warner” can be represented as the tuple (Bewkes,
person company, Time Warner). A successful KBQA system will give access to a natural language interface to
billions of facts.

Given a question and a Knowledge base, the task of KBQA is to map the question to appropriate KB tuples
and find the correct answer. The first step in KBQA is to find the topic entity of the question. We used the
entity linking results given by Rajarshi et al.,2017[4] directly without using any entity linker. The second step
would be to find the answer entity from the tuples having topic entity as head entity. We can divide questions
into two types. The first type are the single-relation questions. These questions can be answered by using single
KB tuples. For example, the question ”Bewkes worked for blank ” can be answered using the tuple (Bewkes,
person company, Time Warner).

The second type are multi constraint questions(MulCQ). These questions require more than one KB tuple to
answer correctly and constraints like multiple entities, time constraints, ordinal constraints need to be handled.
For example the question ”Forest Whitaker starred in blank , directed by Mark Rydell” depends on two tuples
(Forest Whitaker,acted films,Even Money) , (Even Money, directed by, Mark Rydell). Yih et al.,2016[9], Yu et
al.,2017[10] handle multi-entity constraint questions and time constraint questions. They generate a multi-
constraint query graph to handle MulCQ and execute this query graph on the KB to get the answer. The multi
constraint query graph generation is a complex process. In our work, we apply a simple re-ranking method
to handle multi-entity constraint questions on top-K predicted answers given by baseline model(Rajarshi et
al.,2017)[4]. Figure 1 shows the block diagram of the baseline model. We observed that for some questions even
though the baseline model[4] is failing to give the highest score to the correct answer, often the correct answer
lies in the top few high scored answers. The re-ranking procedure takes top K answers given by baseline model
and tries to give highest score to the correct answer. For this re-ranking procedure, we implemented a deep
learning model(Relation Predictor) which predicts the relation between two entities in the question based on
the question utterance. We discuss this re-ranking procedure in detail in Section 4.

Fig. 1. Baseline model
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Fig. 2. Our approach

We observed that the baseline model is failing to answer some of the single-relation questions also. We
applied the same re-ranking procedure mentioned above to the topic entity as well and found that it improved
the model performance. Since we are applying this re-ranking procedure on the top-K answers given by baseline
model[4], our model can be seen as an extension to their model. Figure 2 shows the work flow of our model.

The rest of this paper is structured as follows. Section 2 describes some previous works. Section 3 presents
the background knowledge required to understand our approach. Section 4 describes our approach to KBQA
task. The experimental results are shown in Section 5.

2 Related Work

Most of the approaches to KBQA(Yih et al.,2015[9], Yao and Van Durme, 2014[8]) are based on semantic
parsing where a question is mapped to its formal meaning representation and then translated to a KB query.
The answers are retrieved by simply executing this query against the KB. Our work is an extension to Rajarshi
et al.,2017[4] work which uses memory networks for KBQA problem. Along with freebase as the knowledge base,
they also used a text knowledge base, as the freebase is an incomplete KB. Unlike freebase, web text contains
millions of facts that are absent in the KB, but in unstructured form. Figure 3 shows the memory network
model used by them(text KB is not shown in the figure).

Yih et al.,2015[9] used a Convolutional Neural Network(CNN) to find the inferential chain(relation between
topic entity and answer entity). As the training data is not available to train this CNN model, they searched
for the path that connects the topic entity to answer entity in the knowledge base graph and used it as label
relation. Unlike them, we use a Bidirectional Long Short term memory(Bi-LSTM) network along with attention
layer to predict the relation between two entities. LSTM is a special kind of Recurrent Neural Network(RNN).
We generated data required to train this model from SPADES training data, using the baseline model.

3 Background

3.1 Problem Definition

Given a question q with words w1, w2, ..., wn, where these words contain one blank and at least one entity, our
goal is to fill in this blank with an answer entity qa using a knowledge base κ.

3.2 Key-Value Memory Networks for KBQA

MemNNs are neural attention models with an external memory component. MemNNs decouple the memory
component from the network thereby allowing it to store external information. Rajarshi et al., 2017 [4] used
a variant of memory networks called key-Value Memory Networks for KBQA proposed by Miller et al.,2016[3]
where each memory cell consists of a key and value. The attention weight of each memory cell is computed
only by comparing the question with the key memory, whereas the value is used to compute the contextual
representation to predict the answer. Figure 3 shows the key-value memory network model used by Rajarshi et
al.,2017[4] for KBQA task. Each memory cell contains one KB tuple. They took head entity and relation as key
and object entity as value.

The memory component consists of KB tuples related to the question. Let (s, r, o) represent a KB tuple.
Embeddings of s(head entity) ∈ Rd and r(relation) ∈ Rd are concatenated to create the key k ∈ R2d. The
embedding of object entity o ∈ Rd is treated as its value v. Rajarshi et al.,[4] used a bi-directional LSTM to
encode the input question to a distributed representation q ∈ R2d. The attention weight of a memory cell is
computed by taking the dot product of its key with question encoding. Attention weights are converted into the
range [0,1] by using softmax function. Using attention weights and values of memory cell, a contextual vector
ct is computed(ct is attention weighted sum of values). This context vector is fed into the softmax classifier to
predict the answer entity qa from 1.8M entities.

ICONIP2019 Proceedings 33

Volume 17, No. 1 Australian Journal of Intelligent Information Processing Systems



Improved KBQA System Using Re-ranking Approach 3

Fig. 3. Key-Value memory network model used by Rajarshi et al.,2017[4] with only KB. The memory cell with highest
attention weight is shown in green color. In every memory tuple, key is shown in red color and value is shown in violet
color.

4 Our Approach to KBQA

In order to correctly answer many questions, it is enough to find the correct relation between topic entity and
answer, but we do not have the (question, relation) pairs to train such a relation predictor. The baseline model
gives attention weights to each relation and then computes a context vector using these attention weights. The
model feeds this context vector into the final softmax classification layer. Although this model is giving highest
weight to the correct relation most of the time, it is failing to give the highest score to the correct answer in
the final classification layer. For example, for the question ” blank is just releasing their Norton ”, the model
is giving the highest score to company - consumer product relation, but it is giving the highest score to McAfee
in the final layer, while the actual answer is Symantec.

We observed that although the baseline model is failing to give the highest score to the correct answer
for many questions, most of the time the correct answer lies in the top-K scored answers (we used 10,50 and
100 for k value in our experiments). One reason for this is that some of these questions are multi-constraint
questions(MulCQ). In the baseline model, they did not use any special methods to handle these MulCQ questions
and their memory network model alone is not enough to handle them. The second reason might be, although the
context vector which is fed into the softmax classification layer has information about the correct answer entity,
many times it is failing to differentiate between the correct answer and answers close to the correct answer,
thus giving the highest score to the close answers instead of the correct answer. This is due to the fact that the
context vector is the weighted sum of values of memory tuples related to the question(It is calculated based on
all related memory tuples instead of the single correct tuple).

In order to deal with these two problems, we used another deep learning model which we call Relation
Predictor. Figure 4 shows the architecture of this model. It uses a Bi-LSTM network along with an attention
layer. We have generated the data required to train this model from the baseline model. We explain in detail
about this data generation process in Section 4.3. The input to this model is a sentence with two marked
entities(In our work one entity is blank while another one is one of the entities present in the question). The
model has to classify the relationship between these two entities as one of the predefined relations. (SPADES
dataset has 721 predefined relations).

4.1 Re-ranking with Topic Entity

For each question, we consider the top K answers predicted by the baseline model for re-ranking. We convert
each candidate answer score returned by their model into the range [0,1] and use it as the initial score for that
candidate answer. We replace the topic entity in the question with string ’e1’ and give it as input to the relation
predictor. We take each candidate answer entity in the top k answers and the relation predicted by relation
predictor, after which the knowledge baseκ is queried for object entity. If the object entity is the same as the
topic entity of the question then the score for the corresponding candidate answer is incremented by 1.
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Fig. 4. Relation Predictor Model

Fig. 5. Explanation of our approach with an example
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As shown in Figure 5, for the example ” blank is just releasing their Norton” , the baseline model predicts
Symantec as the 2nd best answer and McAfee as the best answer(Symantec is the actual answer to the question).
Norton is the topic entity of the question. ” blank is just releasing their e1” is given as input to relation
predictor that predicts the relation as company - consumer product. When we query the KB with Symantec as
the subject entity and company - consumer product as the relation, it gives Norton as the object entity. As it
is the same as the topic entity, we increment the score of candidate answer Symantec by 1. For other candidate
answers including McAfee, the scores remain the same. As a result of re-ranking step, the candidate answer
Symantec gets the highest score which is the actual answer to the question. When applied to the topic entity,
this re-ranking procedure improved the model performance.

4.2 Re-ranking for Multi Entity Constraint Questions

As mentioned before, multi-constraint questions require more than one KB tuple to answer correctly. We use
the same re-ranking procedure mentioned in Section 4.1. The only difference is that, in order to handle MulCQ,
we focus on extra entities (entities other than the topic entity in the question) instead of the topic entity to
re-rank the top k candidate answers. Consider the example ” blank was the half-brother of Isaac, who was
the son of Abraham and Sarah”. Entity linker outputs Isaac as the topic entity. Abraham and Sarah are extra
entities. The baseline model predicts Ismael as the 5th best answer and Sarah as the best answer. For each
candidate answer and extra entity, we do the following. The extra entity is replaced by the string e1. Suppose
Abraham is the extra entity, we give ” blank was the half-brother of Isaac, who was the son of e1 and Sarah”
as input to relation predictor that predicts the relation as child parent. Then we query the KB with Ismael as
the subject entity and child parent as the relation. It gives Abraham as the object entity. As it is the same as
the current extra entity Abraham, we increment the score of candidate answer Ismael by 1. We do the same for
the extra entity Sarah also. After the re-ranking procedure, the candidate answer Ismael gets the highest score
while scores of other candidate answers remain the same. So, the model outputs Ismael as the answer, which is
the actual answer to the question.

While this approach is helping to correctly answer some questions, for which the baseline model resulted in
wrong answers, we observed that the predictions to some questions are deteriorating. This is due to the fact
that we do not have standard data to train the relation predictor model and the performance of our model
depends on the performance of relation predictor model. This also depends on the performance of the baseline
model. We also observed that, sometimes, this re-ranking procedure is giving the highest score to candidate
answers that appeared in the question. It is highly unlikely that the answer appears in a question. For such
kind of candidate answers, the scores were set to zero. This approach improved the overall model performance.

4.3 Training Data Generation for Relation Predictor

The relation predictor model plays a crucial role in our approach. The performance of the model depends on
how accurately it predicts the relationship between two entities in a sentence. As it is a deep learning model,
we need data to train the model. Since there was no standard dataset available, we generated data from the
baseline model. After training the baseline model fully, we again feed each training sample to the model. For
each training sample, the baseline model computes the score for each memory tuple. We took the relation of the
highest scored tuple as the relation between blank and the topic entity of the question. We replace the topic
entity in the question with string e1. This new question pattern and the relation forms a new training data
sample for the relation predictor model. This simply means that we generate the training data for the relation
predictor model from the training data of question answering model.

Fig. 6. Data generation for Relation Predictor

As shown in Figure 3, for the question ”Volcker was the former head of the blank ”, the baseline model
gives highest weight to the memory tuple (Volcker, person company, Us federal reserve bank). We replace the
entity Volcker with the string e1 to create a new question pattern. So, the pattern ”e1 was the former head of
the blank ” and the relation ”person company” form a new training sample for the relation predictor model.
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5 Experiments

5.1 Evaluation Dataset

We use SPADES (Bisk et al.,2016)[5] as our evaluation data which contain fill-in-the-blank style questions. It
is a large dataset with 93k question-answer pairs and 1.8M entities. However, this dataset contains only the
sentences that have entities connected by at least one relation in Freebase, making it skewed towards Freebase.
We use the standard train, development and test split for our experiments. Train, test and development data
contain 79k, 9.3k and 4.7k question-answer pairs respectively. We use the data pre-processed by Rajarshi et
al.,2017[4].

To train the relation predictor model shown in Figure 4, we generated 79k pattern and relation pairs using
the baseline model from the training data of SPADES dataset. Out of those 79k pairs, we took 70k pairs as
training set and the remaining 9k as development set. We trained the model using cross-entropy loss function,
l2 regularization and Adam optimizer with a learning rate 1e-3. We used the 50-dimensional pre-trained word
vectors used by Rajarshi et al.,2017[4]. The best accuracy returned by the model on the development dataset
was 42.3.

5.2 Results

We downloaded the preprocessed data and code of baseline model available at https://rajarshd.github.io/TextKBQA.
They also provided the pre-trained model. Table 1 shows the main results on SPADES dataset. The baseline
model results in an F1 score of 39.9. The re-ranking approach when applied to handle multi-constraint ques-
tions(MulCQ) results in an F1 score of 40.21 which is a slight improvement over the baseline model. k denotes
the number of top answer entities returned by baseline model that we consider for re-ranking approach. When
applied with topic entity the re-ranking approach gives an improved F1 score of 42.25 which shows that the
baseline is failing to answer some of the single relation based questions also.

Table 1. Results of KBQA on SPADES dataset

Model F1 Score

KV Memory Network Model
(Rajarshi et al.,2017[4])

39.66

Our approach

+ re-ranking for MulCQ
40.21(k=10)
40.01(k=50)
39.84(k=100)

+ re-rank with topic entity
42.20(k=10)
42.25(k=50)
42.13(k=100)

Table 2 shows some of the questions from SPADES dataset which are wrongly answered by the baseline
model, but correctly answered by our approach. Though our approach is improving the overall F1 score, we
observed that some of the questions answered correctly by the baseline model are wrongly answered by our
approach. Table 3 shows some of these questions. This could be due to the fact that we have not used any
standard dataset to train the relation predictor model. This also depends on the top answers given by the
baseline model. For example, for question ”Cambridge College and its programs are authorized in blank .”, the
baseline model gives Massachusetts as the answer which is actually the correct answer, but our model gives
Cambridge as the answer. This is because our relation predictor model predicts the relation between ”Cam-
bridge College and blank as the organization - present city which is not the desired relation. Cambridge is
present in the top-k candidate answers returned by the baseline model. In the re-ranking process, our approach
gives the highest score to the candidate answer Cambridge because of the KB fact (Cambridge college, organi-
zation present-city, Cambridge). For fourth example in Table 3, the desired relation between Disney and blank
is parent organization - child organization, but the Relation Predictor model predicts the relation as company -
person which lead the model to give wrong answer.

ICONIP2019 Proceedings 37

Volume 17, No. 1 Australian Journal of Intelligent Information Processing Systems



Improved KBQA System Using Re-ranking Approach 7

Table 2. Some of the questions answered correctly by our approach but not by baseline model

Question
Answer by

the baseline model[4]
Answer by
our approach

1. Nvidia was founded by Jen-Hsun Huang and blank . 3 dfx Chris Melachowsky

2. Munich is also home of blank , the famous
german auto-manufacturer. Einstein BMW Group

3. Infiniti is blank ’s luxury car division. Toyota Nissan

4. Kutztown University is located in blank Pennsylvania Kutztown

5. blank is located in New York, and the Founder
and CEO is David Karp . My Space Tumblr

Table 3. Some of the questions answered correctly by baseline model but not by our approach

Question
Answer by

the baseline model[4]
Answer by
our approach

1. Cambridge College and its programs
are authorized in blank . Massachusetts Cambridge

2. Paypal is the most secure payment
processor in the blank . United States Ebay

3. General Electric Company is
located in blank . Connecticut Fairfield

4. Disney still runs blank , and Fox. ABC Steve Jobs

6 Conclusion

Open domain question answering is a difficult task in Natural Language Processing domain as it is difficult to
analyze all the information available. We can solve this problem using knowledge bases like Freebase partially,
if not completely. It is difficult for a single model to predict correct answer entity from large entity vocabulary.
So we applied a re-ranking procedure on top-K answers given by Rajarshi et al.,2017[4]’s Key-Value memory
network model. The re-ranking procedure acts as an extension to baseline model. Our work showed that this
style of extending supports the baseline model and improves the overall performance. Our work is mainly based
on understanding textual relations. Understanding textual relations like humans will be helpful in many NLP
applications.
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Abstract. Neural networks provide new possibilities to learn complex relevance patterns, and have obtained
significant performance improvement in the field of Information Retrieval (IR). In ad-hoc retrieval, judging
relevance between a query and a document is still challenging due to its diverse patterns (e.g., a query is
usually short and does not have enough contextual information which lead to some diversity of understanding
for users’ needs). Such diverse relevance patterns require an ideal retrieval model to be able to assess relevance.
However, most Neural IR models employ only a few kinds of relevance patterns or only capture diverse relevance
patterns in the perspective of documents. In this work, we propose a Match-Transformer Framework (MTF) for
modeling diverse relevance patterns in the perspective of the query and documents simultaneously. Specifically,
for encoding texts and constructing diverse relevance signals, the MTF applies traditional retrieval features
(e.g., tf-idf) and Transformer module, which are clearer users needing and deeper documents understanding to
some extent. Meanwhile, we employ a special Convolution Network to capture effective matching patterns more
subtle, and a Learning-to-Rank (L2R) algorithm to learn relative position information between documents.
Experimental results on two benchmark collections demonstrate that our approach outperforms most well-
known Neural IR models in ad-hoc retrieval.

Keywords: Neural Information Retrieval · Transformer Framework · Diverse Relevance Patterns · Ad-hoc
Retrieval · Deep Neural Networks.

1 Introduction

The ad-hoc retrieval is a classic retrieval task in which the user specifies his/her information need through a query
which initiates a search (executed by the information system) for documents that are likely to be relevant to the
user [9]. A central question in ad-hoc retrieval is how to learn a generalizable function that can well assess relevance
between a query and documents. In ad-hoc retrieval, the heterogeneity of the query and the documents might be
lead to some challenges, that is, the importance of each query term in the process of inferring users’ needs is unclear
due to the insufficient of contextual information and a large number of terms in a document can also cause great
difficulty in understanding the document [15]. These challenges for relevance judgment lies in that there might be
diverse relevance patterns, which might be highly related to the heterogeneity [5].

Machine learning methods have been successfully applied to information retrieval (IR). Typically, a ranking
function which produces a relevance score given a query and document pair is learned based on a set of human
defined features. However, handcrafting features can be time-consuming, incomplete and over-specified. Recently,
with the development of deep learning, given deep learning should have a major impact on the ad-hoc retrieval,
and there have some exciting breakthroughs. MatchPyramid (MP) [16] takes matching signals (e.g., similarity) at
word-level between query and document as matching evidence, and then combine them with simple neural network
structures (e.g., CNN) to infer final relevance prediction. K-NRM [23] and Conv-KNRM [2] also apply the matching
patterns, but put forward a special network to extract effective signals more subtle. NNQLM-II [25] has designed a
density operator to model the dependency information between text terms, then further used for matching tasks.
HiNT [5] proposes a data-driven method to learn diverse relevance signals at different granularities (i.e., passage-level
and document-wide). However, these models only employ a few kinds of matching patterns or only capture diverse
relevance patterns in the perspective of documents. Meanwhile, the emergence of these works also gives us some
inspiration, that is, these relevance patterns or network structures bring some possibilities to more comprehensively
solve issues caused by the heterogeneity in ad-hoc retrieval.

In this paper, we propose a Match-Transformer Framework (MTF) to model diverse relevance patterns in the
perspective of the query and documents simultaneously for final relevance judgment. Specifically, we firstly combine
word embeddings and the traditional retrieval features (e.g., tf-idf ) for encoding a text into a density operator,
which can solve the issue that users’ needs are unclear caused by the short query to some extent. Unlike HiNT [5]
model, our approach then employs a new simple network architecture Transformer to learn context information,
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which can better leverage language structures to understand the text content especially for documents [3]. Diverse
relevance patterns are accumulated through previous two steps, and we employ the N-gram Window Convolution
Network to capture effective patterns more subtle. Finally, we utilize the Multi-Layer Perceptron (MLP) to generate
the document ranking score, and combine L2R algorithm, which can learn relative position information between
documents, to update the neural network. A series of systematic experiments on TREC collections, Robust-04 and
ClueWeb-09-Cat-B have shown that the model is well performance in ad-hoc retrieval.

Our major contributions of this paper are as follows:

1. Aiming at the matching issue caused by the heterogeneity in ad-hoc retrieval, we for the first time propose a
Match-Transformer Framework to model diverse relevance patterns in the perspective of the query and documents
simultaneously for final relevance judgment.

2. Using this approach, we show a significant improvement over most well-known Neural IR models. We conduct
rigorous comparisons over these models on benchmark collections, and design two comparative experiments to
explore the validity of our model.

The paper is organized as follows: we provide background on Neural IR field and discuss some peer work related
to our model in Section 2 followed by the description of our proposed Match-Transformer Framework in Section 3.
In Section 4, we present the experiments we do to validate our approach, and discuss our results. In Section 5 we
draw some provisional conclusions to our work.

2 Releted Work

In recent years, deep neural networks have led to exciting breakthroughs in speech recognition, computer vision,
and natural language processing (NLP) tasks. Specially, deep neural networks have led to exciting breakthroughs
on ad-hoc retrieval tasks.

Existing Neural IR models can be categorized as representation-focused models and interaction-focused models,
according to their architectures [7, 17, 9]. The representation-focused models map the whole document to a low-
dimensional semantic space, and calculate its distance from the query representation for matching [12]. This kind
of model is mainly concerned with semantic matching, (i.e., identifying the semantic meaning and inferring the
semantic relations between two pieces of text). The matching algorithm based on neural network model is as
follows: DSSM [11], CDSSM [6, 19], and ACR-I [10].

The interaction-focused models abstract the matching features (e.g., similarity) through the local interaction
between a query and document, and then learn the matching degree through neural networks. This kind of model
is mainly about relevance matching, which is more suitable for ad-hoc retrieval since do not train appropriate long
documents representation, and can achieve state-of-the-art performance. Examples include ARC-II [10], Match-
Pyramid [16], DRMM [8], K-NRM [23] and Conv-KNRM [2].

As we can see, these Neural IR models use only a few kinds of matching patterns to support relevance assessment
over documents, and their potential which improves the retrieval performance by capturing diverse relevance patterns
for different query-document pairs is limited in ad-hoc retrieval. Noting the heterogeneity in ad-hoc retrieval,
HiNT [5] proposes a data-driven method to learn diverse relevance signals at different granularities (i.e., passage-
level and document-wide). However, HiNT only captures diverse relevance patterns in the perspective of documents.
Our work, which models diverse relevance patterns in the perspective of the query and documents simultaneously
for judging final relevance, is the further development of HiNT.

3 The Match-Transformer Framework

In this section, we will describe our model for ad-hoc retrieval, which aims to provide an ordered list of documents
based on the relevance of user requirements. Note that our approach mainly models diverse relevance patterns
between the query and documents for document relevance judgment. The model architecture is illustrated in Figure
1. Next, We will describe these components in detail in the follows.

3.1 Model Input

The input to our model is a query-document pair, either the query or document is a list of words which are
represented as integer word indices. All words in queries and documents are encoded in an embedding matrix
E ⊆ R|V |×d, where |V | denotes the size of vocabulary set and d is the dimension of a word embedding.
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Fig. 1: The overall diagram of the Match-Transformer Framework.

In our work, a query is represented as a set of term vectors denoted by Q =
{
wQ

1 , ...,w
Q
n

}
, where wQ

i , i = 1, ..., n

denotes the ith query term vector; a document is represented as a set of document term vectors, which denoted
by D =

{
wD

1 , ...,w
D
m

}
, where wD

j , j = 1, ...,m denotes the jth document term vector. To obtain a unit vector, we
normalize each term voctor (wi ∈ E) as: wi = wi/||wi||2.

3.2 The Construction of Diverse Relevance Patterns

Based on text embeddings obtained in the previous step, we attempt to construct and apply the diverse relevance
patterns between a query and documents for final relevance assessment. As we all know, most word embedding
techniques [14] are essentially a statistical feature based on word co-occurrence, and can be regarded as a kind of
global semantic information. Meanwhile, we also consider the local information provided by the salience of a word
in a text or dataset. Combined with the global and local information, the term embedding can be written as:

SQ
i = gQi (wQ

i ⊕Overlap Embedding(wQ
i , TD)), i = 1, ..., n

SD
j = gDj (wD

j ⊕Overlap Embedding(wD
j , TQ)), j = 1, ...,m

(1)

where Overlap Embedding(wQ
i , TD) denotes a function that returns a confirmation vector if the ith query term

wQ
i is present in document TD, or a negation vector if it doesn’t. In our work, the confirmation vector or negation

vector is a trainable random vector with dimension d × 1, and can be regarded as exact matching information.
The gQi and gDj denote the idf value [22] of the ith query term and the tf-idf value [22] of the jth document

term after in the query candidate document set, respectively. Meanwhile, the coefficient g
(·)
i satisfies the condition∑n

i=1 |g
Q
i |2 = 1,

∑m
j=1 |gDj |2 = 1. The symbol ⊕ denotes summation operation of two vectors.

Inspired by work [20] and [25], we encode a text into a density operator ρ(·), which is calculated by the Out
product Sum operation of the term vectors, for building dependence information between terms in a single text,
especially important for the query.

ρQ =
n∑

i=1

SQ
i · (S

Q
i )T , ρD =

m∑
j=1

SD
j · (S

D
j )T (2)
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The SQ
i (SQ

i )T can be called out product1 of vector SQ
i , and both ρQ and ρD are real symmetric matrices with

dimensional d× d, representing the encoded query Q and document D respectively.
We note that context information is also an extremely important relevance pattern in most NLP tasks [3], so

we introduced a simple network architecture, the Transformer Module inspired by [21, 4], which based solely on
attention mechanisms. More specifically, we use the scaled dot-product attention which combines texts P, keys K
and values V as follows:

σ(P,K, V ) = softmax(
PKT

√
d

)V (3)

where d is the demension of columns of T, K and V. We use the Multi-head version with k heads, as introduced
in [21],

ϕ(P,K, V ) = Concat(head1, head2, ..., headk),

where headi = σ(PWP
i ,KW

K
i , V WV

i )
(4)

and the demensions of parameter matrices are WP
i ∈ Rd×d, WK

i ∈ Rd×d, and WV
i ∈ Rd×d. Based on these, Multi-

head self-attention (i.e., K = V = P) can use the current word to look at other words in its input sequence for
better clues to encode that word.

As shown in the Fig. 1, we apply the Transformer Module to understand and encode a text, especially important
for documents. Firstly, we compute the Multi-head self-attention which maps the operator ρQ or ρD to texts P,
keys K and values V. Then we can apply the Multi-head attention to construct the relevance matching patterns
between the query and document, which can be regarded as an interaction between relevance information in two
texts. This process can be abstracted into a formula:

M = ϕ(ϕ(ρQ,ρQ,ρQ), ϕ(ρQ,ρQ,ρQ), ϕ(ρD,ρD,ρD)) (5)

where the Matching Tensor M with dimension d × d contains not only relecance patterns provided by the term
dependence information, but also relevance patterns provided by context information.

The N-gram Window Convolution Network, which can capture more subtle features [2], applies convolution
filters to compose n-grams relevance features from M. Thus, for each convolution window with each n-gram size
h ∈ {2, 3, 4, 5}, the CNN layer converts M into h-gram embedding Gh:

Gh = CNNh(M),

Pi = φ1(Gi)⊕ (φ2(Gi))
T , i ∈ h

(6)

Gh denotes the output of the convolution layer with filter size h, and |Gh| = F × d× d, where F is the number of
convolution kernels with size h. The function φ1(·) is Col Max-pooling operation which returns a vector consisting of
the maximum value of each column in a second-order tensor, and φ2(·) is Row Max-pooling operation which returns
a vector consisting of the maximum value of each row in a second-order tensor. The Pi with demension F × 1× d
denotes a i-gram embedding after Max-pooling.

After the above steps, we can get the matching features composed of diverse relevance matching patterns:

X = P2 � · · · � P5 (7)

where the symbol � denotes concat operation, and the feature vector X with 1 × (F · d) dimensions will be used
for calculating the final document ranking score.

3.3 Document Relevance Scoring

Ranking Score Prediction Based on effective diverse relevance patterns in the feature vector X , we apply a
MLP to calculate the ranking score:

f(X ) = 2 ∗ tanh(W ·X T + b) (8)

where W and b are the linear ranking parameters to learn, and tanh(·) is the activation function, which is used to
limit the ranking score between -2 and 2.

1 There are two vector a = [1, 0] and b = [0, 1], whose out product can be expressed as a · bT =

[
0 1
1 0

]
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Model Training To learn relative position information between documents, we employ a L2R algorithm (i.e.,
ListNet) to train. The ListNet [1] optimizes the Listwise loss function based on top one probability, with Stochastic
Gradient Descent as the optimization algorithm on our model.

In our work, the training data can be denoted as τ = {(Q,Di, yi)}, where Di, i = 1, 2, ..., N denotes the ith

candidate document of the query Q, and y
(i)
j is the judgment on document Dj with respect to query Q. For the

query Q, we obtain a list of ranking scores with our model z = {Fω(Q,D1), ..., Fω(Q,DN )}, where the function Fω(·)
contains all computation processes in our model, and ω represents all trainable parameters. With Cross Entropy as
metric, the loss for query Q can be:

L(y, z(Fω)) = −
N∑

j=1

Py(Q,Dj) log(Pz(Fω)(Q,Dj)) (9)

where Pz(fω)(xj) is the top one probability, and can be calculated as:

Pz(Fω)(Q,Dj) =
exp(Fω(Q,Dj))∑N
k=1 exp(Fω(Q,Dk))

(10)

It denotes the probability that document Dj will rank first position among a set of candidate documents of the
query Q. The calculation of Py(Q,Dj) is similar to Eq.10. The objective of learning is formalized as minimization
of the total losses with respect to the training data.

4 Experiments

In this section, we conduct experiments to demonstrate the effectiveness of our proposed model.

4.1 Data Sets

To conduct experiments, we use two TREC collections, Robust-04 and ClueWeb-09-Cat-B. The details of the two
collections are provided in Table 1. As we can see, they represent different sizes and genres of heterogeneous text
collections. Robust-04 is a small news dataset. Its topics are collected from TREC Robust Track 2004. ClueWeb-
09Cat-B, on the other hand, is a large Web collection, whose topics are accumulated from TREC Web Tracks
2009, 2010 and 2011. For both datasets, we made use of the title of each TREC topic in our experiments. The
retrieval experiments described in this section are implemented using the Galago Search Engine2. During indexing
and retrieval, both documents and query words are white-space tokenized, lowercased, and stemmed using the
Krovetz stemmer [13].

Table 1: Statistics of the TREC collections used in this study. The ClueWeb-09-Cat-B collection has been filtered
to the set of documents in the 60th percentile of spam scores.

Robust-04 ClueWeb-09-cat-B

Vocabulary 0.6M 38M
Document Count 0.5M 34M
Collection Length 252M 26B
Query Count 250 150

4.2 Baselines and Experimental Settings

We take some traditional retrieval models and some well-known Neural IR models as the baselines.
Traditional retrieval models include:
QL: Query likelihood model [24] based on Dirichlet smoothing is one of the best performing language models.
BM25: The BM25 formula [18] is another highly effective retrieval model that represents the classical proba-

bilistic retrieval model.

2 http://www.lemurproject.org/galago.php
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Table 2: Comparison of different retrieval models over the ClueWeb-09-Cat-B and Robust-04 collections. ∗, §, † and
‡ mean a signifcant improvement over BM25∗, Conv-KNRM§, NNQLM-II† and HiNT‡ using Wilcoxon signed-rank
test p < 0.05, respectively.

Model Name
ClueWeb-09-Cat-B Robust-04

MAP NDCG@20 ERR@20 MAP NDCG@20 ERR@20

QL 0.100 0.224† 0.139 0.253† 0.415† 0.213†

BM25 0.101 0.225† 0.141† 0.255† 0.418† 0.220†

MP 0.066 0.158 0.124 0.189† 0.330† 0.207
NNQLM-II 0.091 0.203 0.132 0.150 0.290 0.236

DRMM 0.113∗† 0.275∗† 0.142† 0.279∗† 0.422† 0.342∗†

K-NRM 0.109† 0.273∗† 0.153∗† 0.262∗† 0.407† 0.341∗†

Conv-KNRM 0.119∗† 0.278∗† 0.165∗† 0.272∗† 0.429∗† 0.352∗†

HiNT 0.125∗§† 0.287∗§† 0.169∗§† 0.276∗§† 0.445∗† 0.359∗§†

BERT-MaxP - 0.293∗§†‡ - - 0.469∗§†‡ -

MTF 0.134∗§†‡ 0.341∗§†‡ 0.216∗§†‡ 0.281∗§†‡ 0.473∗§†‡ 0.366∗§†‡

Neural IR baselines include MatchPyramid (MP) [16], DRMM [8], K-NRM [23], Conv-KNRM [2] and HiNT [5].
MP and DRMM are both interaction-focused models building upon the embedding matching matrix. MP

employs CNNs to get the matching features in the matrix for calculating the ranking score, while DRMM uses
histogram to produce a set of matching signals for final relevance prediction.

NNQLM-II: NNQLM-II [25] has designed a density matrix as matching signals based on word embeddings for
a single sentence, then further used for matching tasks.

K-NRM uses a new kernel-pooling to extract multi-level soft match features from the translation matrix for
the final ranking score. Conv-KNRM applies CNNs to represent n-grams soft matches for generating the final
matching score.

HiNT: HiNT [5] is a data-driven method to automatically learn relevance signals at different granularities (i.e.
passage-level and document-wide), and allow them to compete with each other for final relevance assessment.

BERT-MaxP: BERT-MAXP [3] studies leveraging a recently-proposed contextual neural language model,
BERT, to provide deeper text understanding for IR. The neural ranker predicts the relevance of each passage
independently, and BERT-MaxP means document score is the score of the best passage.

Next, we will introduce the specific experimental configuration.
Term Embeddings: For all the baseline models which require word vectors as input, we use 300-dimensional

word vectors trained with the Continuous Bag-of-Words (CBOW) Model [14]. We discard from the vocabulary all
the terms that occur less than 10 times in the corpus. The out-of-vocabulary terms are randomly initialized by a
uniform distribution in the range of (-0.25, 0.25). In the MTF model, we also apply 300-dimensional word vectors.

Network Configurations: For all baselines, we try both the default configurations in their original paper and
other settings. In our model, we employ h = 3 parallel attention layers, or heads in the Transformer Module. Then,
we use one N-gram Window Convolution Network (with the convolution kernel of size 2,3,4,5 respectively), three
hidden layers in the feed forward matching network (512, 256 and 64 nodes respectively) and one output layer (1
node) for the final matching score.

4.3 Evaluation Methodology

For all the matching models, we adopt a re-ranking strategy for efficient computation. An initial retrieval is per-
formed using the QL model to obtain the top 1,000 ranked documents. The reordered documents are then used
for comparison. For evaluation, the top-ranked 1,000 documents are compared using the mean average precision
(MAP), normalized discounted cumulative gain at rank 20 (NDCG@20), and expected reciprocal rank at rank 20
(ERR@20).

4.4 Retrieval Performance and Analysis

This section presents the performance results of different retrieval models over the two benchmark datasets. A
summary of results is displayed in Table 2.

As we can see, some Neural IR baselines perform significantly worse than the traditional retrieval models,
demonstrating the importance of information (e.g., tf-idf ) from the entire candidate documents. Both MP and

44 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 17, No. 1



A Match-Transformer Framework for Modeling Diverse Relevance Patterns 7

NNQLM-II work worse than other Neural IR baselines, showing that models designed for single relevance signal
and simple neural network structures cannot handle the diverse matching requirement in ad-hoc retrieval. The
DRMM, K-NRM and Conv-KNRM achieve improved results by designing a special network architecture to extract
more subtle and effective patterns from all relevant signals.

When we look at the HiNT model, we find that above-mentioned baselines can not compete with it. This is
because HiNT not only considers two kinds of relevance matching information (i.e., exact matching and semantic
matching information) simultaneously, but also accumulate passage-level signals into different granularities. We also
notice that the relative improvement of our model on ClueWeb-09-Cat-B over the representative baseline HiNT is
about 0.9%, 5.4% and 4.7% in terms of MAP, NDCG@20 and ERR@20, respectively; on Robust-04, the relative
improvement of MTF over the HiNT is about 0.5%, 2.8% and 0.7% in terms of MAP, NDCG@20 and ERR@20,
respectively. This means that MTF model which takes into account more relevance matching information has greater
potential to improve retrieval performance. At the same time, we compare our model with BERT-MaxP and find that
BERT-MaxP outperforms all baselines on NDCG@20 due to its strong ability to understand context information.
Our model applies Transformer framework and adds more relevance information (e.g., tf-idf and overlap features)
on it, which makes us achieve better performance in ad-hoc retrieval.

4.5 Analysis on MTF Model

We design comparative experiments to explore the validity of our model. Through these experiments, we try to gain
a deeper understanding of the MTF.

Analysis on L2R Algorithms. Typically, the L2R algorithms often used by IR tasks can be classified into
three categories: point-wise, pair-wise and list-wise, and the ability of these three types to learn relative position
information is also gradually improved [1]. Therefore, the selection of the L2R algorithm can have a more significant
effect on the performance of the retrieval model. We explore the performance of several representative models in
different types of L2R algorithms, as shown in Table 3.

Table 3: Comparison of model performance under different L2R algorithms on ClueWeb-09-Cat-B collection.

Model name MAP NDCG@20 ERR@20

Conv-KNRMpoint 0.115 0.264 0.157
Conv-KNRMpair 0.119 0.278 0.165
Conv-KNRMlist 0.121 0.297 0.184

HiNTpoint 0.118 0.268 0.159
HiNTpair 0.125 0.287 0.162
HiNTlist 0.131 0.325 0.193

MTFpoint 0.122 0.273 0.154
MTFpair 0.128 0.311 0.186
MTFlist 0.134 0.341 0.216

In the comparative experiment, we adopt the point-wise algorithm in NNQLM-II [25], the pair-wise algorithm
in Conv-KNRM [2], and the list-wise algorithm used in this paper. Through comparison, we find that our model
always achieves better performance than the other two methods when the same ranking algorithm is applied. We
also note that the application of list-wise algorithm also improves the performance of the other two models. At the
same time, this reflects the validity of the diverse relevance patterns in MTF from the other side, and the ranking
algorithm is only a complementary method of improving retrieval performance. Meanwhile, we also discover a similar
phenomenon in another dataset.

Analysis on the Number of Heads. Since we apply the Transformer framework in our model, we further study
the effect of heads numbers on the retrieval performance. Here we report the performance results on the Robust-04
collection using the numbers of head with 1, 2, 3, 4, 5, respectively. As shown in Fig.2, the performance first increases
and then drops with the increase of head number in terms of MAP, NDCG@20 and ERR@20. The numbers of head
affect the ability of Transformer structure to learn contextual information, and our results suggest that 3 heads are
sufficient for learning context information effective for relevance matching on Robust-04 collection.
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Fig. 2: Performance comparison of MTF over different number of heads on Robust-04 collection.

5 Conclusions and Future Work

In this paper, we propose a Match-Transformer Framework, which can more comprehensively solve issues caused by
the heterogeneity in ad-hoc retrieval, for modeling diverse relevance patterns. Specifically, the MTF can not only
build the relevance signals provided by the dependence information between text terms and context information,
but also extract effective signals more subtle. Meanwhile, we utilize the MLP to generate the document ranking
score, and combine Learning-to-Rank algorithm to update the neural network.

Experimental results on two benchmark datasets demonstrate that our model can outperform all the baseline
models in terms of all the evaluation metrics. Combined with two sets of comparative experiments, we verify the
validity of the diverse relevance patterns in MTF.

For future work, it would be interesting to try other implementation in MTF, e.g., to employ BERT with better
text comprehension ability to learn contextual information. We would also like to expand our model to accommodate
features beyond relevance matching, e.g. PageRank, to help improve the retrieval performance.
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Abstract. The topic information plays a critical role in comprehending the main idea of a document. However,
most of the recent neural sequence to sequence models fail to utilize the topic information. In this paper, we
propose a novel neural abstractive summarization model guided with topic sentences, named NASTS. We
first use the extractive summarization system to extract topic sentences from the document. And then, a
well designed weighted Attention-over-Attention mechanism is exploited to integrate the topic information
into NASTS. In this way, NASTS can effectively take advantages of extractive and abstractive summarization
methods. Experimental results on the benchmark dataset CNN/Daily Mail demonstrate the superiority of our
proposed model.

Keywords: Abstractive summarization · Topic sentences · Attention-over-Attention mechanism.

1 Introduction

Abstractive text summarization is the process of generating a piece of brief text by distilling the most important
information from the given long documents [1, 2]. Recently, the neural Seq2Seq model with attention has become the
dominant approach [3, 4], due to its powerful ability of representation and generation. Most competitive models [5–7]
use the representation of the previously generated word to compute the current attention distribution on the input
document. Intuitively, the generated word only contains partial topic information of the document. Especially, at
the beginning of the generation, there is barely any information can be used to guide the generation.

When one writes a summary, the topic can give a hint about which part of the document is essential. Suppose
if the topic of a document is about “Donald Trump and Xi Jinping declare trade truce at G20,” the summarization
should pay more attention to the content of the talk between Xi and Trump instead of the background (e.g., issues
related to G20). In contrast to abstractive summarization, extractive summarization approaches [8, 9] aim to extract
topic sentences as the summary. Topic sentences represent the main idea of a document. Intuitively, topic sentences
can be used to guide abstractive summarization.

The contributions of our work are as follows:

– In this paper, we present a novel approach to integrating the topic information into abstractive summarization.
The topic information is represented as the sentences extracted via extractive summarization methods. Our
model can combine both the advantages of extractive and abstractive summarization.

– We proposed a novel weighted Attention-over-Attention mechanism to force the decoder to generate text close
to the main topic of the document. Automatic evaluation experiments show that our model outperforms the
strong baseline pointer-network [10] with a large margin on CNN/Daily Mail dataset.

2 Related Work

The predominant abstractive summarization models are based on RNNs with attention [11, 12], which directly pro-
cess the article with an encoder and produce the summary by an attentional decoder. However, these methods ignore
topic information which has been proved to be helpful for summarization [13, 14]. Wang et al. [15] first incorporate
the topic information for abstractive summarization, but a pre-trained topic model is needed for topic embedding
initialization. Here, we construct a topic encoder which could be integrated into the pipeline summarization system
to mining the topic information of the article.

Attention-over-Attention mechanism (AoA mechanism) was proposed by Cui et al. [16] to merge sentence-level
and word-level attention in reading comprehension task. Inspired by it, we propose a weighted Attention-over-
Attention mechanism (WAoA mechanism) for abstractive summarization. Whereas our weighted model not only

48 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 17, No. 1



2 Kai Chen, Baotian Hu, et al.

integrates topic attention and article attention, but also dynamically updates the encoder hidden states to ensure
they are more relevant to the topic.

Extract-then-abstract methods which take advantage of extractive and abstractive summarization have been
widely studied and achieve better performance. Hsu et al.[17] propose a novel inconsistency loss function to pe-
nalize the inconsistency between sentence-level and word-level of attentions, but need to optimize four loss func-
tions(extractor loss, abstractor loss, coverage loss, and inconsistency loss). Chen et al. [18] first select salient sentences
via an RNN-extractor and employ an abstractor which was guided with reinforcement learning to rewrite them,
then rerank the generated summaries to avoid repetition. In contrast, NASTS utilizing topic encoder and weighted
attention mechanism is more concise and easier to be reduplicated.

3 Method

In this section, we present the detailed architecture of the proposed NASTS, which consists of an attention-based
topic encoder, a weighted Attention-over-Attention article encoder, and a pointer-network decoder [10]. Figure 1
illustrates the NASTS architecture.

3.1 Attention-based Topic Encoder

The topic encoder is a type of statistical mechanism for discovering salient information of the article. The input
of the topic encoder is a token list of topic sentences T = [t1, t2, ..., ti, ...] where i is the word index. We apply a
Bi-LSTM encoder to abstract topic sentences, then at decode time t, we can obtain the attention distribution a′t

as below:

e′ti = v
′ttanh(W ′sst +Whh

′
i + b′attn) (1)

a′t = softmax(e′t) (2)

where h
′

i represents the encoder hidden state of the ith word in topic sentences, st is the decoder state, v
′

T , W
′

s, Wh

and b
′

attn are learnable parameters. And calculated the topic vector tvt by:

tvt =
∑

i
a′ti h

′
i (3)

3.2 Weighted Attentional Article Encoder

Here we introduce the article encoder with the weighted Attention-over-Attention mechanism. The tokens of the
sequence X = [w1, w2, ..., wi, ...] are fed one-by-one into the Bi-LSTM encoder and a sequence of encoder hidden
states hi are produced. Then, the topic vector tvt could be used to act on the attention process of the article in two
steps.

Firstly, we employ a weighted mechanism to model the selection process for the encoder hidden states of the
article which are fixed in conventional attention-based Seq2Seq models. For each time step t, the topic-weighted
hidden state ĥi can be computed with tvt and hi as inputs:

ĥi = tvt � hi (4)

where � is element-wise multiplication. After the weighted mechanism, we obtain another sequence of vectors
[ĥ1, ĥ2, ..., ĥn] which was seen as topic related word representations.

Then, we incorporate the topic vector tvt into the model through the AoA mechanism. During decoding, the
article attention distribution at is given by:

eti = vT tanh(Wsst +Wĥĥi +Wtvtvt + battn) (5)

at = softmax(et) (6)

where vT , W ’s and battn are learnable parameter. Then the context vector c∗t will be computed with the article
attention distribution like equation (3).
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Fig. 1. Architecture of NASTS. Topic sentences and article are encoded by two associated encoders. For each decoder step,
the topic vector and previous decoder state jointly participate in the attention process of article. Finally, the target sequence
is produced according to the final distribution.

3.3 Summary Decoder

In decoder part, we use pointer-network decoder [10]. Following topic encoder and article encoder introduced before,
we can obtain the vocabulary distribution Pvocab by learnable hyper-parameters V

′
, V , b and b

′
as follow:

Pvocab = softmax(V ′(V [st, c
∗
t , tvt] + b) + b′) (7)

And the generation probability pg can be calculated as below:

pg = σ(WT
c∗c
∗
t +WT

tvtvt +WT
s st +WT

x xt + bg) (8)

where xt represents the decode input, W ′s and bg are parameters to be learned and σ represents the sigmoid
function. Then pg is used to further compute a weighted sum of the probability of vocabulary distribution and article
attention distribution. Additionally, We adopt coverage mechanism [10, 19] to eliminate the repetition problem. At

each decoding step t, we compute the coverage vector covt =
∑t−1

t′=1 â
t′ . Then the coverage vector will be used to

calculate word attention, changing equation ( 5) to:

eti = V T tanh(Wsst +Whht +Wtvtvt +Wcovcovt + battn) (9)

Moreover, the coverage loss covlosst =
∑

imin(ati, cov
t
i) will be calculated to penalize the repetition. Finnally, the

objective function changes from cross-entropy loss to a weighted sum of coverage loss and cross-entropy.

4 Experiment

4.1 Dataset

We evaluate our models on the non-anonymized version of the CNN/Daily Mail dataset [1, 9, 10], which includes
287,226 training pairs, 13,368 validation pairs, and 11,490 test pairs. To compare with previous work, we adopt
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the same evaluation metrics as in [17, 18], full-length F1 of ROUGE-1, ROUGE-2, and ROUGE-L to evaluate our
model.

To train NASTS, we need topic sentences to feed into the topic encoder. To address this problem, a greedy
algorithm similar to [20] is used to extract topic sentences. while testing, we adopt four version extractors to ex-
tract topic sentences: Coherent Extractor (Coh-Ext, 41.25 ROUGE-1 score in extractive summarization tasks on
CNN/Daily Mail) and Sentence-Level Extractor (SL-Ext, 41.47 ROUGE-1 score) are two state-of-the-art rein-
forced extractive summarization models [9, 18]; and Human-Ext-2 and Human-Ext-3 means topic sentences are
extracted manually with maximum count 2 and 3, respectively.

4.2 Setting

The dimension of randomly initialized word embedding and LSTM hidden state is 256. The vocabulary size is 50k,
and the batch size is 16. Adagrad optimizer [21] is used with learning rate 0.15 and an initial accumulator value of
0.1. We use gradient clipping with a maximum gradient norm of 2. For all training and testing time, we truncate
the article to 400 tokens, topic sentences to 120 tokens, and limit the length of output to 100 tokens. At testing
time, we use beam search (size=16) to generate summaries. Further, we train NASTS without coverage about 227k
iterations (12.7 epochs). Finally, we added coverage mechanism and trained 4k iterations more.

4.3 Result

We compare our model with two kinds of robust baseline models. Pipeline Abstracive Summarization Models
(PASMs) which include: See et al. [10] employed pointer-generator and coverage mechanism; Fan et al. [22] added
controlling parameters to adapt the summary and Liu et al. [23] achieve high readability score on human evaluation
using generative adversarial networks. Extract-then-abstract methods, Hsu [17] constructed an end-to-end training
architecture with four loss functions, and Chen et al. [18] proposed a novel sentence-level reinforcement learning
model to rewrite extracted summaries.

From Table 1, we can see that NASTS outperforms previous PASMs and achieves higher ROUGE-1 score
compared with previous extract-then-abstract methods. From Row 7 to Row 10, we can see that the more topic
information extra inputs contain, the better performance NASTS achieves. Especially, NASTS even can obtain
50.36 ROUGE-1 F1 score with Human-Ext-3. And it indicates that this is a pretty promising direction to use topic
information guide the generation of the summary.

Table 1. Performance comparison on CNN/Daily Mail test set. All our ROUGE scores have a 95% confidence interval with
respect to previous best models.

Models ROUGE-1 ROUGE-2 ROUGE-L

Pointer-network+cov [10] 39.53 17.28 36.38
Controlled [22] 39.75 17.29 36.54
GAN [23] 39.92 17.65 36.71
End2End + inconsistency [17] 40.68 17.97 37.13
RNN-ext+abs+RL+rerank [18] 40.88 17.80 38.54

NASTS + Coh-Ext 40.60 17.79 37.35
NASTS + SL-Ext 40.94 17.92 37.62

NASTS + Human-Ext-2 48.16 27.30 45.21
NASTS + Human-Ext-3 50.36 29.03 47.40

To further quantify the effectiveness of proposed policies in this paper, we make a step-by-step comparison
(details in Table 2). First, the baseline with the topic encoder is tested and achieves about 2.29, 0.80 and 1.82
percent improvement. The reason is that the topic encoder can extract crucial elements to enhance the decoder.
Then the weighted mechanism is added into the model and exceeds the previous step about 1.0, 0.7 and 1.17 percent.
We may consider that the weighted mechanism is capable of integrating both topic information and document
representation. Finally, we apply coverage mechanism to alleviate the repetition problem further. The improved
ROUGE scores indicate that topic encoder and weighted mechanism are consistently producing better summaries.

Moreover, to demonstrate the improvement of topicality and readability by NASTS, we present some qualitative
outputs by randomly extracting several summaries from the test set. We compare the reference summaries to the
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Table 2. Results of NASTS+SL-Ext in different stages.

Models ROUGE-1 ROUGE-2 ROUGE-L

Baseline 36.44 15.66 33.42

+topic encoder 38.73 16.46 35.24

+ weighted mechanism 39.73 17.16 36.41

+article coverage 40.94 17.92 37.62

Table 3. Examples of generated summaries by the baseline and NASTS.

Reference: preacher trevor brooks has been refused a passport by the home office. brooks, 39, is an associate of islamist
firebrand preacher anjem choudary. a home office letter said he is linked to banned group al muhajiroun. it added he was
assessed as being likely to travel to syria to fight for isis.

Baseline: trevor brooks is a known associate of islamist firebrand preacher anjem choudary. the letter adds:’ it is also assessed
that you intend to travel overseas to syria where you would use this opportunity to engage in terrorism-related activity’.
brooks, 39, was released from prison last month after serving part of his 11-month term for breaching bail.
(ROUGE-1: 36.96, ROUGE-2: 15.09, ROUGE-L: 36.65)

NASTS + SL-Ext : trevor brooks, an associate of islamist firebrand anjem choudary, was told it was not in the public
interest for him to have a passport because he is seen as a terror risk. a home office letter says that brooks, also known as
abu izzadeen, is an extremist linked to members of the banned group al muhajiroun.’ brooks is a known associate of islamist
firebrand anjem choudary. choudary has been refused a passport after the home office accused him of planning to join islamic
state.
(ROUGE-1: 62.00, ROUGE-2: 33.33, ROUGE-L: 59.70)

NASTS + Human-Ext-3 : trevor brooks is a known associate of islamist firebrand preacher anjem choudary. a home office
letter says that brooks, also known as abu izzadeen, is an extremist linked to members of the banned group al muhajiroun.’
a radical muslim preacher has been refused a passport after the home office accused him of planning to join islamic state.
(ROUGE-1: 62.92, ROUGE-2: 41.82, ROUGE-L: 62.78)

summaries produced by our proposed model with different versions of topic sentences. As shown in Table 3, we
can observe that the results produced by the baseline is readable but missed salient information like “been refused
a passport by the home office”. However, summaries generated by NASTS (with SL-Ext or Human-Ext) are more
readable and cover more topic information. Furthermore, NASTS with Human-Ext can even generate complex and
logical sentences. It is considered that NASTS can grasp more insightful information and improve the topicality
and readability for the summarization.

5 Conclusion

We propose a neural abstractive summarization model guided with topic sentences. Most importantly, a topic en-
coder is introduced to draw topic information and weighted Attention-over-Attention mechanism enables decoder
focus on the prominent part of the article. By end-to-end training, our model significantly outperforms conven-
tional Seq2Seq model on the CNN/Daily Mail dataset. In future work, we will focus on studying the topic-driven
summarization model and integrate common sense into NASTS.

6 Acknowledgment

This work is supported by Natural Science Foundation of China (Grant No. 61872113, 61573118, U1813215,
61876052), Special Foundation for Technology Research Program of Guangdong Province (Grant No. 2015B010131010),
Strategic Emerging Industry Development Special Funds of Shenzhen (Grant No. JCYJ20170307150528934, JCYJ2017
0811153836555, JCYJ20180306172232154), Innovation Fund of Harbin Institute of Technology (Grant No. HIT.
NSRIF.2017052)

References

1. Ramesh Nallapati, Bowen Zhou, Caglar Gulcehre, Bing Xiang, et al. 2016. Abstractive text summarization using
sequence-to-sequence rnns and beyond. arXiv preprint arXiv:1602.06023.

52 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 17, No. 1



6 Kai Chen, Baotian Hu, et al.

2. Romain Paulus, Caiming Xiong, and Richard Socher. 2017. A deep reinforced model for abstractive summarization.
arXiv preprint arXiv:1705.04304.

3. Qingyu Zhou, Nan Yang, Furu Wei, and Ming Zhou. 2017. Selective encoding for abstractive sentence summarization.
arXiv preprint arXiv:1704.07073.

4. Piji Li, Wai Lam, Lidong Bing, and Zihao Wang. 2017. Deep recurrent generative decoder for abstractive text summa-
rization. arXiv preprint arXiv:1708.00625.

5. Alexander M Rush, Sumit Chopra, and Jason Weston. 2015. A neural attention model for abstractive sentence summa-
rization. arXiv preprint arXiv:1509.00685.

6. Baotian Hu, Qingcai Chen, and Fangze Zhu. 2015. Lcsts: A large scale chinese short text summarization dataset.
Computer Science, pages 2667–2671.

7. Preksha Nema, Mitesh Khapra, Anirban Laha, and Balaraman Ravindran. 2017. Diversity driven attention model for
query-based abstractive summarization. arXiv preprint arXiv:1704.08300.

8. Daraksha Parveen, Hans-Martin Ramsl, and Michael Strube. 2015. Topical coherence for graph-based extractive summa-
rization. In Proceedings of the 2015 Conference on Empirical Methods in Natural Language Processing, pages 1949–1954.

9. Yuxiang Wu and Baotian Hu. 2018. Learning to extract coherent summary via deep reinforcement learning. arXiv
preprint arXiv:1804.07036.

10. Abigail See, Peter J Liu, and Christopher D Manning. 2017. Get to the point: Summarization with pointer-generator
networks. arXiv preprint arXiv:1704.04368.

11. Sumit Chopra, Michael Auli, and Alexander M Rush. 2016. Abstractive sentence summarization with attentive recur-
rent neural networks. In Proceedings of the 2016 Conference of the North American Chapter of the Association for
Computational Linguistics: Human Language Technologies, pages 93–98.

12. Junyang Lin, Xu Sun, Shuming Ma, and Qi Su. 2018. Global encoding for abstractive summarization. arXiv preprint
arXiv:1805.03989.

13. Ziqiang Cao, Wenjie Li, Sujian Li, and Furu Wei. 2017. Improving multi-document summarization via text classification.
In Thirty-First AAAI Conference on Artificial Intelligence.

14. Masaru Isonuma, Toru Fujino, Junichiro Mori, Yutaka Matsuo, and Ichiro Sakata. 2017. Extractive summarization using
multi-task learning with document classification. In Proceedings of the 2017 Conference on Empirical Methods in Natural
Language Processing, pages 2101–2110.

15. Li Wang, Junlin Yao, Yunzhe Tao, Li Zhong, Wei Liu, and Qiang Du. 2018. A reinforced topic-aware convolutional
sequence-to-sequence model for abstractive text summarization. arXiv preprint arXiv:1805.03616.

16. Yiming Cui, Zhipeng Chen, Si Wei, Shijin Wang, Ting Liu, and Guoping Hu. 2016. Attention-over-attention neural
networks for reading comprehension. arXiv preprint arXiv:1607.04423.

17. Wan-Ting Hsu, Chieh-Kai Lin, Ming-Ying Lee, Kerui Min, Jing Tang, and Min Sun. 2018. A unified model for extractive
and abstractive summarization using inconsistency loss. arXiv preprint arXiv:1805.06266.

18. Yen-Chun Chen and Mohit Bansal. 2018. Fast abstractive summarization with reinforce-selected sentence rewriting.
arXiv preprint arXiv:1805.11080.

19. Zhaopeng Tu, Zhengdong Lu, Yang Liu, Xiaohua Liu, and Hang Li. 2016. Modeling coverage for neural machine
translation. arXiv preprint arXiv:1601.04811.

20. Ramesh Nallapati, Feifei Zhai, and Bowen Zhou. 2017. Summarunner: A recurrent neural network based sequence model
for extractive summarization of documents. In AAAI, pages 3075–3081.

21. John Duchi, Elad Hazan, and Yoram Singer. 2011. Adaptive subgradient methods for online learning and stochastic
optimization. Journal of Machine Learning Research, 12(Jul):2121–2159.

22. Angela Fan, David Grangier, and Michael Auli. 2017. Controllable abstractive summarization. arXiv preprint
arXiv:1711.05217.

23. Linqing Liu, Yao Lu, Min Yang, Qiang Qu, Jia Zhu, and Hongyan Li. 2017. Generative adversarial network for abstractive
text summarization. arXiv preprint arXiv:1711.09357.

ICONIP2019 Proceedings 53

Volume 17, No. 1 Australian Journal of Intelligent Information Processing Systems



A Three-Stage Training Method for Abstractive Summarization

Linqing Shi1[0000−0003−0414−6691], Danyang Liu1[0000−0002−5078−6908], and Gongshen Liu�1[0000−−0001−−5194−−1570]

Shanghai Jiao Tong University, Shanghai Minhang 200240, China
{shilinqing,danyliu,lgshen}@sjtu.edu.cn

https://www.sjtu.edu.cn/

Abstract. Abstractive summarization requires the model to understand the input text before generating the summary. The
main challenges of abstractive summarization include consistency and fluency. In order to make the generated summary con-
sistent with the input text and fluent, we propose a three-stage training method: general corpus pretraining, summarization-
related fine-tuning and end-to-end training. We use the BERT base model as the result of general corpus pretraining. Addi-
tionally, we propose a task named summarization language model (SLM) for the second training phase, which consists of
two parts: for every input pair of sentences, predicting the masked tokens and whether the second sentence is the summary
of the first sentence. The effectiveness of SLM is verified on the encoder-decoder framework. However, the model is very
large and contains too many variables, which consumes a lot of computing resources. In order to reduce the number of
variables, we propose to use only pretrained transformer encoder to generate the summary with three-stage training and
self double-check mechanism. Experimental results on the A Large-Scale Chinese Short Text Summarization Dataset (LC-
STS) and the Annotated English Gigaword datasets show that after SLM, the encoder-decoder framework can outperform
most of the other works, and a single transformer encoder can achieve nearly the same performance with the pretrained
encoder-decoder framework with much fewer variables.

Keywords: Abstractive Summarization · Pretrain · Transformer · SLM

1 Introduction

Abstractive text summarization is more difficult compared to extractive summarization, because it requires the model first
understand the main idea of original long document or sentence and then generate a concise output based on the main idea.

The key of summarization is to shorten the length and keep the meaning of the input text as much as possible. So the
quality of the generated summary is decided by the length and the consistency. Besides, the generated summary is also a
sentence, it should be fluent and contains no repeating phrases [17]. One of the main factors that limits the performance is that
the corpus used for training is limited. Most of the corpora for summarizations are composed of millions of parallel sentences.

We are inspired by BERT and have designed the pretraining tasks based on the idea of BERT [3]. It is proved that
pretraining with large corpora can improve the performance on many tasks. And it is intuitive to incorporate BERT into
an encoder-decoder framework by substituting the encoder with the BERT. There have been several works about using BERT
to improve the summarization. [23] proposed a strategy about using BERT for abstractive summarization, in which an encoder-
decoder framework is adopted.

However, there are several problems:
1. Although the BERT is pretrained with large corpus, the corpus has nothing to do with summarization. That is to say,

some changes are needed to make the BERT more suitable for abstractive summarization.
2. The BERT is a large model, including a decoder will result in more variables, which may require too much space to run

the model.
In order to make BERT more suitable for summarization, we propose to do SLM before the end-to-end training. That

is, BERT will be trained with the summarization-related corpus. Parallel sentence pairs will be used to train the BERT with
SLM. This thinking is just like [6], in which the model will be trained with three phases: LM pretraining, LM fine-tuning and
classifier fine-tuning. SLM gives consideration to both the architecture of BERT and the pattern of summarization, with two
sentences inputted each time. The performance of summarization is improved because that BERT is pretrained with plenty of
samples, which enables it to represent sentences more aptly, and SLM enables BERT to learn the rule of summarization.

Besides, we propose to use a pretrained transformer encoder with no decoder to generate the summary, which can re-
duce the number of variables, so that much less space is required to run the model. In this work, we make the following
contributions:

1. We propose the summarization language model (SLM), which is used for fine-tuning the BERT to improve the quality
of summarization. Incorporating this training task can improve the performance of the encoder-decoder framework to 41.9
F-score of ROUGE-1 on LCSTS.

2. To address the problem of model size, we propose to generate a summary with only a pretrained transformer encoder.
3. We propose to refine the results generated with a pretrained transformer encoder with self double-check mechanism,

which achieves 41.1 F-score of ROUGE-1 on LCSTS.
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2 Related Work

2.1 Abstractive Summarization

ABS model is based on a neural network, consisting of an attentive convolutional neural network encoder and a neural network
language model decoder [20]. [2] improves this ABS model by replacing the decoder with RNN decoder. [15] adopted an RNN
encoder and an RNN decoder, and provide lexical and statistical features to the encoder. It is proved that copying words from
input sentences can be helpful in the summarization task. [5] improved the model by adding a switch gate which controls
whether to copy from input or generate from decoder vocabulary. [22] propose to adopt a copy mechanism by adding a scalar
weight on the gate of GRU/LSTM. [24] propose a selective encoding model, in which the sentence encoder has a selective gate
network. The model is built with GRU, in which the selective gate network constructs a second level sentence representation
by controlling the information flow from the encoder to the decoder. [11] propose to use a convolutional gated unit to perform
global encoding to improve the representations of the source-side information.

2.2 Transfer Learning

Transfer learning in natural language processing has a long history. In the beginning, word vectors are acquired with un-
supervised learning on large corpora. [1,14,13] proposed strategies of word embeddings, which are used as features in a
downstream model and improve the performance of NLP models significantly. As the high-performance GPU emerged in
recent years, transfer learning is not limited in word vector anymore.

Word embedding is static, consequently, the polysemant may be misunderstood by models. ELMO [18] is pretrained with
the language model task. Instead of static word embedding, ELMO extracts the context-sensitive features with bidirectional
LSTM. ULMFiT [6] divides the training to three phases: general-domain language model pretraining, target task language
model fine-tuning and target task classifier fine-tuning. And some training tricks like gradual unfreezing are proposed. Both
ELMO and ULMFiT are used as features in the downstream tasks.

OpenAI GPT [19] adopted unidirectional transformer, achieved previously state-of-the-art results on many tasks. The
architecture of BERT is a multi-layer bidirectional transformer encoder with hidden blocks each layer. The tasks of pretrain-
ing are masked language model and next sentence prediction, respectively learning the information of the words in a single
sentence and the information between two sentences. It is successful because the corpora can be easily generated from mono-
lingual books, articles, and news. So a large corpus can help to train the large model well. After pretraining, the variables are
saved. Then, during fine-tuning, first restore the model and train the model according to the specific task that how it is used.

3 Model

We focus on how to generate summary with a pretrained transformer encoder, in order to showcase that SLM is useful, an
encoder-decoder framework is also introduced.

A transformer encoder layer consists of a self-attention layer, followed by a feed-forward neural network, the output of
the feed-forward neural network is sent upwards to the next encoder. The self-attention layer can be defined as follows:

Q = X ∗WQ,K = X ∗WK , V = X ∗WV (1)

Z = softmax(
Q ∗KT

√
dk

) ∗ V (2)

in which X is the input matrix and WQ, WK and WV are the weight matrices. dk stands for the dimension of Q, K and V.
Usually, more than one Z matrices are obtained by doing the computation multi-times with different Q, K and V weight

matrices. Then these Z matrices are concatenated to get the final Z matrix with a larger size. This is called multi-head attention.

3.1 Encoder-decoder Framework

The typical architecture of abstractive summarization consists of an encoder and a decoder. A transformer decoder block is
composed of a self-attention layer, an encoder-decoder attention layer and a feed-forward layer.

In order to make use of the power of transfer learning, we substitute the encoder with BERT like Zhang et al [23] proposed
except the mixed objective is omitted and the BERT has been fine-tuned with SLM.
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Model.png

Fig. 1. The prediction of the language model. All the tokens of the second sentence are masked for prediction.

3.2 Generate the Summary with a Pretrained Transformer Encoder

BERT can inference the masked tokens according to the context. To generate a short summary requires a long sentence as the
input. That is, two sentences are involved. And BERT can hold two sentences, and separate them with the segment encoding.

As shown in Fig 1. During the inference, a long sentence is padded to the maximum sequence length with the [MASK]
token at the rear. By inferring the masked tokens one by one, the summary is generated. And there exist two ways to generate
the whole sentence: natural order, random order.

Generally, sentences are generated in the natural order. When the tokens are inferred in random order, masked tokens
are picked randomly and inferred, which seems strange but it is rational for two reasons. Firstly, the pretraining of BERT is
to randomly choose tokens and replace them with the mask. Secondly, after some inferences, a token can be inferred with
information from both sides. The index is chosen with a normal distribution among which the µ equals half the average length
of the summary in the training set, and µ − σ = 0. When the generated index is negative of the token at the generated index
is already predicted, this index is discarded.

There is a debate about whether BERT can work as a language model to generate a sentence. Some researchers claim that
BERT cannot work as a language model to generate sentences ideally, because BERT is trained to predict only a small number
of masked words. Summarization only requires the model to generate much fewer tokens compared with input. As is shown
in section 6, the ratio between the length of input and the length of the output is very close to 15%. This actually matches the
pretraining process. Besides, some researchers also claim that BERT is a Markov random field language model, and can be
used as a language model to generate sentences [21].

Self Double-check Mechanism Zhang et al [23] adopted summary refine process to refine the draft. It is proved to be
useful because it can help the model to make full use of the information from both sides. We incorporate a self double-check
mechanism to refine the draft generated with the pretrained transformer encoder during the inference phase.

When the tokens are generated, the information that can be referred to is not complete because the summarization process
is going on. Especially the tokens from the right side may be missing, even though most of the tokens are known. To address
this problem, we propose to refine the generated summary. When the pretrained transformer encoder has finished generating
the summary, the self double-check mechanism is executed.

During the self double-check mechanism, both the source text and the generated draft are inputted into the model and
separated with segment embeddings. And the tokens of the generated summary draft is masked one by one. Then the source
text and the generated draft with one token masked are feed to the model. The predict the single masked token is used to
substituted the [MASK] token and update the draft.

4 SLM

As mentioned in the introduction, in order to make BERT more suitable for summarization. we propose to fine-tune BERT
with SLM. Fig 2 shows the scheme of SLM.

Two parts of loss are added together during the pretraining phase of BERT: masked language model and the next sentence
prediction. We keep masked language model. And instead of predicting whether two sentences are consecutive, our model
predicts whether the second sentence is the summary of the first sentence. And this training task is named as summarization
language modeling (SLM).
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Fig. 2. Summarization language model pretraining. The SLM requires parallel sentences. To predict a masked word, the model can acquire
information from the same sentence or from the neighboring sentence. Besides, the model needs to predict the relationship between two
sentences whether the second sentence is the summary of the first one.

During the train, two sentences are chosen from the parallel corpus. Three additional tokens are needed, a [CLS] token
represents the start, a [SEP] token separates two sentences and another [SEP] token is used to mark the end. The length of the
input is the sum of two sentences plus three.

The first part of the loss is computed with the masked language model. Randomly pick 15% of the input tokens, and
replace these tokens with a [MASK] token at a probability of 80%, with a random token at a probability of 10%, keep them
unchanged with a probability of 10%.

The other part of the loss is computed by predicting whether the second sentence is the summary of the first sentence.

Dataset Parallel sentence pairs can only be directly used for end-to-end training. In order to make BERT learns the relationship
between two sentences in the area of summarization. The parallel corpora need to be modified before being used in SLM. After
modifying, the corpora will be augmented.

For every long sentence, three input sequences can be formed. One input sequence is composed of a sentence and its
summary. Besides, two sentences from the summaries that don’t belong to the long sentence are picked and concatenated with
the long sentence to form the sequences. We process data in this way to make the model to pay attention to the relationship
between the two sentences. And the number 3 is chosen with experiments, compared with a summary and a random short
sentence, better performance is achieved with a summary and two random short sentences.

The model needs to predict whether the input is formed with a long sentence and its summary or not, and output the results
from the left-most encoder block at the top layer. That is, the corpus is expanded to two times larger than the original corpus.
The total loss is the sum of the loss of summarization language model and the loss of predicting the relationship between the
two sentences.

L1 = −
M∑
i=1

(m = mi|X),mi ∈ [1, 2, ..., |V |] (3)

L2 = −
N∑
j=1

(n = ni|X), nj ∈ [IsSummary,NotSummary] (4)

Losspre = L1 + L2 (5)

In the above formulas V stands for the vocabulary, M stands for the collection of those masked tokens, n stands for the
collection of relationships, X stands for the input.

5 End-to-end Training

Parallel sentences are used in this phase. The training sample is formed by adding a [CLS] token and a [SEP] token at the start
and the end. Then extend the sequence to the maximum length by adding [MASK] tokens at the rear.

In order to fit the self double-check mechanism, the end-to-end training is modified. The objective contains two parts:
drafting and refining. The source text I = i1, ...is and the generated tokens A are inputted into the pretrained transformer
encoder, in which the generated tokens A may not be continuous at a certain time if the tokens are predicted in random order.

ICONIP2019 Proceedings 57

Volume 17, No. 1 Australian Journal of Intelligent Information Processing Systems



A Three-Stage Training Method for Abstractive Summarization 5

Each generated sequences will be truncated at the second [SEP]. To calculate the loss of refining, both the long sentence I and
the ground-truth summary A′ are needed. This means, with self double-check mechanism, more training time is required.

Ldraft =

|A′|∑
index=1

−(yindex = y∗index|I, A) (6)

Lrefine =

|A′|∑
index=1

−(yindex = y∗index|I, A′ −A′index) (7)

LEnd−to−end = Ldraft + Lrefine (8)

Among the equations 6-8, yindex stands for the token to be predicted at the position index, y∗index stands for the token of
A′ at the position of index.

6 Experiments

In this section, the dataset, the implementation details, the evaluation metrics, the baselines and the performance of our model
are reported.

6.1 Datasets

The experiments are conducted mainly on two datasets: LCSTS [7] and Annotated English Gigaword [16]. LCSTS, short for
Large-scale Chinese Short Text Summarization is a dataset constructed from the Chinese microblogging website Sina Weibo.
This corpus consists of over 2 million real Chinese short texts with short summaries. The validation set has 10666 sentence
pairs and the test set has 1106 sentence pairs. The Annotated English Gigaword dataset, a well-known English parallel dataset
used for abstractive summarization. This dataset is comprised of headline and the first sentence of the source articles. The
training set consists of 3.8 million sentence pairs. And two test sets are used to verify the performance, including English
Gigaword Test Set and DUC 2004 Test Set. The English Gigaword Test Set contains 1951 sentence pairs, The size of the DUC
2004 Test Set is 500.

We also investigate the length of the input and output. For LCSTS, the average input length of the test set is 101, and the
average output length is 17. The ratio is very close to 15%. For Annotated English Gigaword, the average input length of the
test is 29, and the average output length is 8. The ratio is about 27%, which means that the number of tokens generated is
much smaller than the input. Therefore, it is safe to generate the summary with only a fine-tuned BERT.

6.2 Implementation Details

All of our models are based on the base BERT base model. The vocabulary is the same as BERT, with 30522 WordPiece tokens
for English dataset and 21128 WordPiece tokens for Chinese dataset. As for the optimizer, Adam optimizer is adopted [8] .
During the fine-tuning, the learning rate is 1e-4, and the number of epochs is 5. During the end-to-end training, the learning
rate is 5e-5, and the number of epochs is 3.

6.3 Evaluation Metric

ROUGE [10] is adopted to measure the performance of models. ROUGE is short for Recall-Oriented Understudy for Gisting
Evaluation, which is usually used to evaluate the performance of translation and summarization. To calculate the ROUGE
score, the automatically generated summary is compared with a set of reference summaries, which represents the similarity
between the generated summary and the reference summary. Three different ROUGE scores are computed for every sentence,
ROUGE-1 (unigram), ROUGE-2 (bigram), ROUGE-L (LCS).

6.4 Baseline

As we compare our results with the results of the baseline models reported in their original papers, the evaluation of different
datasets has different baselines.

We introduce the baselines for Chinese dataset LCSTS at first. RNN and RNN-context are the RNN-based Seq2Seq
models [7], without and with attention mechanism respectively. CopyNext is the attention-based Seq2Seq model with the
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Table 1. F-Score of ROUGE on LCSTS

Model R-1 R-2 R-L
RNN 21.5 8.91 18.6
RNN-context 29.9 17.4 27.2
CopyNet 34.4 21.6 31.3
SRB 33.3 20.0 30.1
DRGD 37.0 24.2 34.2
CGU-Seq2Seq 39.4 26.9 36.5
Transformer 36.5 23.0 34.7
BERT + Transformer 40.1 27.6 37.3
BERT + SLM + Transformer 41.9 27.8 38.7
BERT + In-order 36.3 22.7 34.3
BERT + Random-order 36.4 22.7 34.3
BERT + SLM + In-order 36.8 25.8 35.7
BERT + SLM + Random-order 38.6 26.7 36.9
BERT + SLM + In-order + Double-check 40.8 26.9 37.1
BERT + SLM + Random-order + Double-check 41.1 27.7 37.7

Table 2. F-Score of ROUGE on Gigaword

Model R-1 R-2 R-L
ABS 29.6 11.3 26.4
ABS+ 29.8 11.9 27.0
RAS-LSTM 32.6 14.7 30.0
Feats 32.7 15.6 30.6
RAS-Elman 33.8 16.0 31.2
SEASS 36.2 17.5 33.6
DRGD 36.3 17.6 33.6
CGU-Seq2Seq 36.3 18.0 33.8
Transformer 32.6 15.6 30.2
BERT + SLM + Transformer 38.9 21.9 36.7
BERT + SLM + In-order 37.7 20.9 34.3
BERT + SLM + Random-order 37.4 20.8 35.1
BERT + SLM + In-order + Double-check 38.1 21.1 34.7
BERT + SLM + Random-order + Double-check 37.9 20.9 35.1

copy mechanism [4] . SRB is a model that improves semantic relevance between the source text and summary [12]. DRGD is
the conventional Seq2Seq with a deep recurrent generative decoder [9]. CGU-Seq2Seq consists of a convolutional gated unit
to perform global encoding to improve the representations of the source-side information [11].

As for the baselines for English dataset. ABS uses an attentive CNN encoder and NNLM decoder to do the sentence
summarization task, while ABS+ is based on ABS model, which further tune their model using DUC 2003 dataset, resulting
in better results. RAS-LSTM and RAS-Elman are seq2seq models with a convolutional encoder and an LSTM decoder and an
Elman RNN decoder respectively [9]. Feats is a fully RNN seq2seq model with some specific methods to control the vocabu-
lary size.SEASS is a Seq2Seq model with a selective gate mechanism [24]. DGRD and CGU-Seq2Seq are also baselines for
English dataset. And a Seq2Seq model based on the transformer as a baseline is also implemented for both the Chinese and
English Dataset.

6.5 Results

ROUGE F1 for LCSTS Test Set, English Gigaword Test Set and ROUGE recall for DUC2004 Test Set are reported. For
LCSTS Test Set and English Gigaword Test Set, the outputs have different lengths so F1 metric is computed to compare
models. As for the DUC2004 Test Set, the task requires the system to output a summary of fixed length (75bytes), therefore
employing ROUGE recall as the evaluation metric.

Table 1 shows the results on LCSTS dataset, both the performance of recent works and our methods are listed. And we
draw a line to separate our methods from others’ works. For comparison, a non-pretrained transformer is implemented, which
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Table 3. ROUGE recall on DUC2004

Model R-1 R-2 R-L
ABS 26.6 7.06 22.1
ABS+ 28.1 8.49 23.8
Feats 28.4 9.46 24.6
SEASS 29.2 9.56 25.5
Transformer 28.7 9.49 24.6
BERT + SLM + Transformer 29.9 9.61 26.3
BERT + SLM + In-order 28.9 9.53 24.9
BERT + SLM + Random-order 29.7 9.56 25.7
BERT + SLM + In-order + Double-check 30.1 9.67 25.7
BERT + SLM + Random-order + Double-check 29.8 9.64 25.6

is randomly initialized but with the same architecture as BERT and trained as a common transformer. As the third line in the
second part shows that pretraining and fine-tuning with SLM are powerful to improve the performance, which achieves the
best result among all the methods. The last line shows that pretraining and double-check mechanism can reach nearly the same
performance, but it is also very successful because much space can be saved because the decoder is removed.

Table 2 and Table 3 show the results on Gigaword and DUC2004. They are discussed together because both of them are
tested on English test sets and our implemented models are trained with the same train set from Annotated English Gigaword.
The effectiveness of SLM is not elaborated in these two tables because Table 1 has proved it. The second line in the second
part of Table 2 shows that pretraining transformer with BERT’s tasks and SLM is still the most powerful. And the fifth line
in the second part shows that fully pretrained transformer encoder equipped with self double-check mechanism performs the
second best. The second line and the fifth line in Table 3 shows that fully pretrained transformer encoder equipped with self
double-check mechanism can perform the same or even better than fully pretrained transformer with fewer variables.

Ablation Studies The results in Table 1 fully proved the effectiveness of pretraining.
The first three lines are all about the encoder-decoder framework. Without any pretraing, transformer performs not as good

as when it is pretrained. Comparing the second line and the third line, it is safe to draw the conclusion that SLM is able to
further improve the performance. The last six lines are all the results of transformer encoder. Without any pretraining, the
performance is the worst. After incorporating SLM, the performance is improved obviously when the tokens are predicted in
random order. Additionally, with self double-check mechanism, the performance can be improved to nearly the same as the
highest score listed in the third line. Besides, the effectiveness of self double-check mechanism is also verified in table 1, table
2 and table 3.

Effectiveness of Pretraining The results show that pretraining is effective to improve the performance of summarization.
Our pretraining task SLM includes two parts: predicting the masked token and predict whether the second sentence is the
summary of the first sentence. This task is effective to improve the performance because predicting the masked tokens helps
the models to generate more fluent sentence by referring the neighboring information and predicting the relationship can help
the model to learn the relationship of the summary. When the input example is comprised of two sentences and the second
sentence is the summary of the first sentence, predicting the tokens means that information from the other sentence can be
learned by the models.

7 Conclusion

In this paper, we propose to improve the quality of abstractive summarization with pretraining. The model will go through
three phases of training before it is used to generate the summary: pretraining to be BERT, fine-tuning with a summarization-
related task SLM and end-to-end training. SLM is verified to be effective to improve the performance on all the test sets.
In order to compress the space required during running, we propose to generate the summary with only a pretrained and
fine-tuned encoder. And it can generate summary nearly the same as pretrained transformer when it is equipped with self
double-check mechanism. We evaluate our model on LCSTS and the Annotated English Gigaword, the experimental results
show that compared to previous systems our approach effectively improves the performance.
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Abstract. Scientific document clustering (SDC) is the process of partitioning a given set of scientific arti-
cles/documents into K-groups based on some similarity/dissimilarity criterion. This task has applications in
many areas like text summarization, classification of documents, scope detection of conference/journal papers,
etc. In this paper, we have developed a granular self-organizing map (GSOM) based approach for SDC. GSOM
was designed to overcome the limitations of self-organizing map (SOM), i.e., to avoid the problem of over-
lapping patterns present in different clusters. Both GSOM and SOM are the types of artificial feed-forward
neural networks. To represent the documents in the form of numeric vectors, various representation schemes,
capable of capturing semantics of the documents like word2vec etc., are utilized in our approach. To show the
potentiality of GSOM, various comparative approaches like K-means, hierarchical clustering algorithms and
SOM are considered. The results are reported using an internal cluster validity index namely, Dunn index.
It evaluates the performance using compactness within clusters and separation among clusters. Results show
that GSOM is superior over other existing algorithms. Finally, results are validated using statistical significant
t-test.

Keywords: Clustering, Scientific articles/documents, Self-organizing Map (SOM), Granular self-organizing
map (GSOM)

1 Introduction

Clustering [7] is an unsupervised way of partitioning a given set of objects into K-groups such that each group
contains a similar type of objects. In this paper, an object refers to a scientific document written in the English
language. Nowadays, Scientific Document Clustering (SDC) has become a well-known problem in the field of natural
language processing (NLP) because of its applications to the various areas like extraction of relevant topic/words
from the documents, multi-document summarization, organizing documents in the digital libraries [20], document
classification when labels are not known etc. Various algorithms for clustering exist in the literature like K-means,
bisecting K-means, hierarchical clustering, K-medoid, etc. The paper [18] gives a comparison among these algo-
rithms applied for document clustering task.

As per recent literature [14][13], self-organizing map, a type of neural network, shows its effectiveness in designing
some clustering algorithm. Therefore, in the current paper, neural network-based clustering technique is utilized
to develop a system for SDC. Self-organizing map [8], which is a type of artificial neural network having only two
layers: input and output, is used. The input layer consists of input patterns of any dimension, while, the output
layer consists of a grid of neurons usually arranged in two-dimensional space. Typical architecture of SOM is shown
in Figure 1(a) in which neurons are arranged in 2D manner. Each neuron is associated with: (i) position vectors
like (0, 0), (0, 1) due to their arrangements in 2D space; (ii) weight vector which should be of the same dimension
as of input pattern. In part (b) of the Figure 1, the training algorithm for SOM is shown. For more details about
SOM, reader can refer to [14].

The principle of SOM states that similar input patterns in the input space come closer to each other in the output
space. Thus, SOM can be used as a cluster analysis tool for mapping high dimensional data to low-dimensional
space. There exist some works in the literature for clustering of web-pages [17] and text documents [6] using SOM.
SOM has also shown its efficiency in document summarization [15].

But, SOM suffers from the problem of overlapping patterns present in different clusters. Therefore, granular SOM
[12] was proposed to avoid this problem. GSOM [12] follows the same algorithm as of SOM. The only difference lies
in the fact that in GSOM, instead of Gaussian function, a new neighborhood function was proposed using fuzzy
rough sets (fuzzy upper and lower approximations) [5] to modify the learning/training procedure. This was done to
avoid the overlapping regions. In the literature, the paper [5] illustrates the effectiveness of using fuzzy rough sets
in handling uncertainty. The equations involved in defining neighborhood function for SOM and GSOM, are shown
in Figure 2. To get more information, a clarification about the advantages of GSOM over SOM, one can refer to
Figures-3 to 5 of the paper [12].
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Usually, in any clustering algorithm for documents, three basic components are required: (a) the representation
of the documents; (b) the number of clusters, K; (c) similarity or dissimilarity to be used between documents; and
finally, (d) algorithm. In this paper, to represent the documents in semantic space or to capture the semantics of
the documents, two existing tools for word-embedding word2vec [10] and glove [11] are utilized. To determine the
value of K, an ablation study is performed. To measure the similarity or dissimilarity between documents, well
known Euclidean distance is utilized.

Motivation: A a lot of conferences held per year on different areas like networking, artificial intelligence, big data,
etc., and, the researchers submit their research works in these conferences. Some conferences like EMNLP1 (in NLP
domain) etc., also have abstract submission deadline before full paper submission, to decide the reviewers. The
submitted papers may be desk rejected because of ‘out of scope’ or considered for review process. These decisions
are taken by program committee members after manual checking of the papers. If relevant clusters extracted using
SDC system are provided to the Editor, then it may save the time of the Editor to take this important decision. The
same case is also applicable to journals as they give their decisions as ‘Out of Scope’ after one month of submission,
which is a wastage of time for both the researcher as well as the Editor. In such situations, SDC can be used as a
tool for scope detection of journals/conferences, development of some automatic peer-review support systems, etc.
This motivates us to work on scientific document clustering performing better than existing systems.

Contributions: The contributions of this paper are enumerated below: (a) In the literature [12], GSOM is utilized
for clustering and gene selection in Microarray data of biomedical domain. But, here, GSOM is utilized for scientific
document clustering. To the best of our knowledge, it is the first attempt in using GSOM for SDC.
(b) The potentiality of GSOM over SOM and other clustering techniques for document clustering is shown.
(c) Ablation study on GSOM parameters for SDC task is also presented.

Experiments were performed on two datasets containing published articles from top-tier machine learning con-
ferences, i.e., NIPS 2015 and AAAI 2013. Before passing the set of articles to the algorithm, various pre-processing

1 https://www.emnlp-ijcnlp2019.org/
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 Fig. 2: Definitions of neighborhood functions used in SOM and GSOM. Here, ‘w’ is the winning neuron corresponding
to input pattern presented to the grid of neurons.

steps are executed like removal of most frequent words, e.g., is, am, are etc., stemming [16] etc. To represent the
text articles in the form of numeric vectors in semantic space, various representation schemas like word2vec [10] and
Glove [11] are utilized. Results illustrate that our GSOM based system is superior to other existing systems. The
qualities of obtained clusters are evaluated using an internal cluster validity index, Dunn index [9]. It uses cluster
compactness within clusters and separation between clusters as parameters. The rest of this paper are organized
as follows: Section 2 and 3 discuss the related works and the proposed framework, respectively. Section 4 describes
the experimental setup and discussion of results. Finally, in Section 5, conclusions are provided with future work.

2 Related Works

In [2], a survey on information extraction, classification, and, clustering techniques for text mining is provided. Note
that text mining is the task of extracting relevant information from the text and document clustering is a part of text
mining. In papers [17] and [6], SOM is utilized for clustering of web-pages and text documents, respectively. There
exist some older works on scientific articles. In [1], clustering of scientific text is done using citation contexts (texts
surrounding texts of the reference markers referring to other scientific works). It was based on the hypothesis that
citation contexts will provide the relevant keywords for document clustering and utilize the bag-of-words model
in information retrieval. A comparative study of different clustering algorithms on different document data sets
was provided by authors of the paper [18]. It includes clustering techniques namely, K-means [7] and bisecting
K-means. In [21], authors have used the matrix factorization of the term-document matrix for document clustering.
They have considered that the number of clusters should to known to us. However, it is difficult to determine the
correct number of clusters (K) as it depends on the data distribution. Moreover, to correctly estimate the value of K,
domain/expert knowledge is required. Therefore, in this paper, ablation study is also presented to know the number
of clusters. There also exists some recent works [13][14] on SDC. These works use multi-objective optimization
(optimizing more than one cluster validity indices) concept to improve the cluster quality over the iterations.

3 Methodology

In this section we have discussed the methodology used for our SDC task. The corresponding flowchart is also shown
in Figure 3.

 

GSOM Training 

Input a collection of 

scientific documents 

Pre-

processing 
 

Evaluate quality of 

obtained clusters 

Fig. 3: Flow chart of proposed system for SDC. Here, in third box, circles represent neurons/clusters in the GSOM
grid.

1. Input set: This set consists of a collection of scientific articles. Detailed descriptions of two input sets/ datasets
are described below:
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(a) AAAI 2013: This dataset is openly available at UCI repository [3] containing 150 published articles in AAAI
2013 conference. It is a well-known conference in machine learning and artificial intelligence domain. It includes
a variety of topics like reasoning, multi-agent system, knowledge discovery, etc. For our experimentation, we
have used the title and abstract of the paper as only these information are provided with this dataset. Some
high-level keywords and user selection words are also provided, but, we have not used these because our main
aim is to clusters those papers which do not have keyword.
(b) NIPS 2015: This dataset [13] is a collection of 403 articles published in NIPS (Neural Information Processing
Systems) 2015 conference. Note that NIPS is a top-tier conference in the machine learning domain. It covers
a variety of topics ranging from deep learning, computer vision, reinforcement learning, etc. Dataset is openly
available at kaggle site2. It includes paper id, the title of the paper, abstract, paper text (includes text from
remaining sections like introduction, methodology, results, conclusion, etc.). For our experiment, we have used
the title, abstract, and paper text.

2. Pre-processing: Before passing articles to GSOM, various pre-processing steps are executed which are:
(a) Stop words and special characters removal: It includes removal of (i) most frequent words like is, it, they,
are, etc. To do the same, we have utilized python natural language toolkit3 (nltk) which already contains a
pre-defined list of stop words; (ii) special characters like @, !, #, etc.
(b) Lower case conversion: In this step, all the words in the articles are converted into lower case, for example,
Cats to cats.
(c) Stemming: It is the process of reducing a word to common base/root form. An example is shown below:

car, car’s, cars =⇒ car

For stemming, we have utilized the SnowballStemmer of natural language toolkit30 in python.

After performing these steps, each document is represented in the form of numeric vector. This step is needed
because for GSOM training, input vectors should be in the form of numeric vectors. In this paper, we have
explored two representations: Word2vec [10] and Glove [11], both are able to capture the semantics of the words
in the corpus. Brief descriptions of these representations are provided below:
(i) Word2vec: It is a tool to provide word-embeddings of the words. It was trained on a large corpus of text
to provide the word vectors of several hundred dimensions which are generated using surrounding texts of the
words and thus, are able to capture the semantics between words.
For example, if in a corpus, a list of words are amazed, shocked, horrified, stunned, appalled, astonished, and, we
are asked to find out top three closer words to ‘shocked’, then words ‘horrified’, ‘amazed’, ‘astonished’ will be
first, second and third closest words (evaluated using cosine similarity between word vectors), respectively. Some
more examples can be found at http://kavita-ganesan.com/gensim-word2vec-tutorial-starter-code/.
To get the vector representation of an article, we have done the averaging of word vectors present in the same
document. For training the word2vec model, we have used gensim library in python. Regarding dimension, we
have varied the dimension ranging from 50 to 300 i.e., 50, 100, 200, and, 300.
(ii) Glove: This model is provided by Stanford4. It also provides word embedding similar to word2vec.It learns
word vectors by constructing a co-occurrence matrix of size words × context where each value describes how
many times a word has appeared in the given context and then, matrix dimension is reduced to lower dimension.
Thus, each row will correspond to a word-vector. Pre-trained word vectors can be downloaded from https:

//nlp.stanford.edu/projects/glove/. For our experimentation, different dimensions (50, 100, 200, and 300)
of Glove model are utilized. To get the article vector, word-vector averaging is used similar to word2vec model.

3. Training of SOM/GSOM: In this step, GSOM is trained using the obtained document vectors in step-2.
Training algorithm of SOM is discussed in Section 1. The same algorithm is utilized for GSOM with only one
difference, instead of Gaussian function in finding neighbouring neurons, a new neighborhood function was
developed in GSOM based on fuzzy-rough sets (fuzzy upper and lower approximations) [5] to avoid from the
problem of overlapping clusters. Note that we don’t have the information regarding how many neurons should
be considered while training of SOM/GSOM as we don’s have the supervised information, therefore, we have
performed the ablation study to identify the number of clusters (or neurons) in a given dataset.

4. Evaluation of clusters obtained: To evaluate the quality of clusters obtained, we have used an internal cluster
validity index, Dunn Index (DI) [9]. Same was also done to solve the document clustering problem in paper
[13]. It can be defined as the ratio of the shortest distance between two points belonging to different clusters to

2 https://www.kaggle.com/benhamner/ exploring-the-nips-2015-papers/data
3 https://www.nltk.org/
4 https://nlp.stanford.edu/projects/glove/
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the largest intra-cluster distance (maximum distance between two points in the same cluster). Mathematically,
it can expressed as Let = be any clustering algorithms’ result, then, DI can be defined as

DI(=) =
minCk,Cl∈=,Ck 6=Cl

(mini∈Ck,j∈Cl
dist(i, j))

maxCm∈= diam(Cm)
(1)

where, Ck (Cl, Cm) denotes the k − th (l − th, mth ) neuron of SOM/GSOM, diam(Cm) is the diameter of
m−th cluster calculated using the Euclidean distance between two points of the same cluster, . For any clustering
algorithm, higher value of DI indicates better cluster quality.

4 Experimental Setup and Results Discussion

In this section, we will discuss the results obtained on the two datasets, namely, AAAI 2013 and NIPS 2015,
using Dunn Index (DI) discussed in section 3. Higher value of DI indicate better cluster quality. For comparison,
we have utilized three clustering algorithms: (a) K-means; (b) hierarchical clustering (ward linkage); (c) SOM. All
algorithms commonly require one parameter, i.e., desired number of clusters which is discussed in subsequent section.
For GSOM, we have used default implementation5 provided by their authors; for SOM, we have used Kohonen6

package in R language; for K-means and hierarchical clustering, we have used sklearn7 package in python. Results
are reported in Table 1. Note that there are some recent document clustering techniques [14][13] but they are based
on evolutionary algorithms (EA) [4] in which cluster quality measures are optimized over generations. GSOM is
not based on EA, therefore, we have removed these recent techniques from comparison. But, in the future, fusion
of GSOM and EA to optimize the cluster quality, is one of our goals.

Parameters Used: (a) Number of clusters (K): K-means and hierarchical clustering are the well-known clustering
algorithms. But they require that the number of clusters should be known beforehand. Therefore, for these algorithms
(shown by K-means(F) and hierarchical in Table 1), in this paper, we have considered the number of clusters equals
to K∗ where K∗= the number of clusters at which GSOM provides the best value of Dunn index. It is also important
to note that in GSOM, number of clusters means the number of neurons in the output layer. In GSOM [12], it has
been shown that GSOM performs better than SOM when the number of neurons/clusters are considered equal to
the actual number of clusters exist in the dataset. But, in our case, we don’t know the actual number of clusters
in the used datasets, therefore, we have performed ablation study on the number of clusters (by varying from 2 to
7) in GSOM. For clustering the documents using SOM, two phases are considered in our paper. In the first phase,
it is trained using the document vectors by considering 150 neurons in the output layer arranged in the hexagonal
grid of size 15 × 10, while in the second phase, hierarchical clustering is applied on these neurons to get the final
clusters. Similar phases were executed in the paper [19]. Similar to K-means and hierarchical clustering, number of
clusters in the second phase of SOM are considered equal to the best number of clusters obtained using GSOM.
(b) Learning rate (eta) and number of iterations (#Iter) in GSOM/SOM: The parameter values of eta and #Iter
for GSOM are shown in Table 2(a) and (b), corresponding to AAAI 2013 and NIPS 2015 dataset, respectively. For
SOM, learning rate is kept same and the maximum number of iterations is considered as 500. Note that these values
are obtained after ablation study discussed in the subsequent sections.

K-means Variants: Fixed vs. Variable: In this paper, two versions of K-means are considered: K-means (F)
and K-means(V). In K-means (F), the number of clusters is considered equal to the number of best clusters (K)
obtained using GSOM. While, in K-means(V), the number of clusters is varied between 2 and 12 for AAAI dataset,
while, for NIPS dataset, the number of clusters is varied between 2 and 7. Only that number of clusters is reported
in Table 1 for which highest Dunn index value is obtained. K-means(V) was utilized because we want to check
whether there exists clusters which have good cluster qualities than GSOM.

Discussion of Results: In Table 1, the results obtained are shown in comparison to existing clustering
algorithms. Clustering algorithms are run 5 times to report the average results. From this table, it can be ana-
lyzed that for AAAI 2013 dataset, GSOM performs better than all the algorithms. In each representation schema
(word2vec/glove) with different dimension vectors (d), it also performs well than the others. On comparing word2vec
with different dimensions, 50 dimension is able to produce a better result, while, on comparing, Glove with different
dimensions, again the same dimension (50) performs well. The maximum value of Dunn index i.e., 0.5483 was

5 http://avatharamg.webs.com/software-code
6 https://clarkdatalabs.github.io/soms/SOM NBA
7 https://scikit-learn.org/stable/modules/clustering.html
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Table 1: Comparison of different clustering algorithms using Dunn index. Here, K: obtained number of clusters; DI:
Dunn index; d: dimension of input (document) vector; bold entries denote the best results in each representation;
Rep.: Representation schema; † denotes the overall best results in each dataset.

Methods→ GSOM K-means (F) SOM Hierarchical K-means (V)

Dataset (↓) Rep. (↓) d K DI K DI K DI K DI K DI

AAAI

Word2vec

50 7 0.5483† 7 0.0883 7 0.1072 7 0.1073 9 0.1720
100 6 0.4145 6 0.0716 6 0.0991 6 0.0634 10 0.1286
200 6 0.3902 6 0.0655 6 0.0906 6 0.0571 9 0.1435
300 7 0.3606 7 0.0518 7 0.0994 7 0.1075 9 0.1513

Glove

50 7 0.5400 7 0.1816 7 0.2663 7 0.2331 7 0.2331
100 5 0.4793 5 0.2434 5 0.2867 5 0.2329 2 0.3641
200 7 0.3426 7 0.2377 7 0.2634 7 0.1656 11 0.3191
300 5 0.3185 5 0.2399 5 0.1589 5 0.2415 7 0.2804

NIPS

Word2vec

50 2 0.5032† 2 0.0176 2 0.0128 2 0.0176 7 0.0416
100 2 0.4282 2 0.0130 2 0.0059 2 0.0130 8 0.0414
200 3 0.2379 3 0.0106 3 0.0093 3 0.0106 8 0.0434
300 3 0.1802 3 0.0100 3 0.0110 3 0.0100 8 0.0457

Glove

50 2 0.4922 2 0.2575 2 0.2631 2 0.2442 2 0.2575
100 2 0.4144 2 0.3442 2 0.2933 2 0.3196 2 0.3442
200 2 0.2800 2 0.3785 2 0.3840 2 0.3207 2 0.3785
300 6 0.2234 6 0.2575 6 0.3277 6 0.3501 6 0.2575

Table 2: Parameters values corresponding to results reported in Table 1 for GSOM. Here, Rep.: Representation
schema (word2vec/glove); d: dimension of input (document) vector; #Iter: Number of training steps for GSOM;
eta: learning rate.

Dataset→ AAAI NIPS

Rep. d #Iter eta #Iter eta

Word2vec

50 100 0.1 30 0.2
100 100 0.1 30 0.1
200 100 0.1 30 0.1
300 100 0.1 30 0.1

(a)

Dataset→ AAAI NIPS

Rep. d #Iter eta #Iter eta

Glove

50 100 0.2 30 0.1
100 100 0.1 30 0.1
200 100 0.3 50 0.1
300 100 0.1 50 0.1

(b)
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(a) AAAI 2013

(b) NIPS 2015
Fig. 4: Sensitivity analysis on the number of clusters using GSOM on (a) AAAI 2013; (b) NIPS 2015 datasets. Here,
number of iterations and η are kept as 100 and 0.1, respectively.

obtained using word2vec with 50 dimensional document vectors. While Glove-50d lacks behind from best result by
0.0083. But, both word2vec-50d and Glove-50d detect the same number of clusters which are 7 in numbers. Thus,
we can say that, for AAAI 2013 dataset, there exist 7 number of clusters. Among, K-means(F), K-means(V) and
hierarchical clustering, K-means(V) is better having Dunn index value of 0.3641. Moreover, SOM is showing the
worst performance than K-means(V).

For NIPS 2015 dataset, GSOM with Word2vec based document representation having different dimensions
performs well than other algorithms and maximum value of Dunn index is achieved with 50-dimensional vector.
Same scenario is also observed in case of Glove representation. In terms of best results, it was attained by GSOM
using word2vec-50d having DI value of 0.5032. Both Wordvec-50d and Glove-50d, are able to obtain good values
of Dunn index with 2 clusters. Thus, there exist 2 clusters in the NIPS 2015 dataset. On comparing SOM and
K-means (both versions) algorithm using Glove based document representation, in most of the cases, SOM shows
an improvement in Dunn index value. Similar to NIPS 205 dataset, here also, performances of K-means (bother
versions) are better then those by SOM and hierarchical clustering.

Sensitivity Analysis on the Parameters: We have done the sensitivity analysis on the GSOM parameters like
the number of neurons/clusters (K), number of iterations (#Iter) for training, learning rate (eta). The variables
η, #Iter, and K, are varied in the ranges of 0.05 to 0.01, 50 to 100, 2 to 7, respectively. Number of clusters is kept
between 2 to 7 because in the recent papers [14][13] based on evolutionary algorithm, number of clusters obtained
for both data sets are within the same range.

68 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 17, No. 1



Table 3: Sensitivity analysis on different parameter combinations of GSOM using word2vec representation. Here,
Ist row: dataset name; second row: representation scheme with input vector dimensions.

AAAI 2013 NIPS 2015

Word2vec50d Word2vec300d Word2vec50d Word2vec100d

K #Iter eta DI K #Iter eta DI K #Iter eta DI K #Iter eta DI

2 100 0.1 0.4027 2 100 0.1 0.2974 2 30 0.4 0.4864 2 30 0.4 0.3659
2 40 0.4 0.3289 2 50 0.3 0.2850 2 30 0.3 0.4828 2 30 0.3 0.3992
3 100 0.1 0.4293 3 100 0.1 0.3124 2 30 0.2 0.5032 2 30 0.2 0.4188
3 40 0.3 0.3959 3 50 0.3 0.2870 3 30 0.4 0.3059 3 30 0.4 0.2500
4 50 0.3 0.3776 4 100 0.1 0.3026 3 30 0.3 0.3921 3 30 0.3 0.2900
4 100 0.1 0.5175 4 50 0.3 0.2778 3 30 0.2 0.3451 3 30 0.2 0.3228
5 100 0.1 0.4372 5 100 0.1 0.3288 4 20 0.4 0.3589 4 20 0.4 0.2638
5 50 0.3 0.4705 5 50 0.3 0.3093 4 20 0.3 0.4006 4 20 0.3 0.3573
6 100 0.1 0.3909 6 100 0.1 0.3382 4 30 0.1 0.3688 4 25 0.2 0.3033
6 50 0.3 0.3314 6 50 0.3 0.3142 5 20 0.4 0.4382 5 20 0.4 0.2475
7 100 0.1 0.5483 7 100 0.1 0.3606 5 25 0.2 0.4701 5 20 0.3 0.2944
7 50 0.3 0.3997 7 50 0.3 0.3194 5 30 0.1 0.3521 5 25 0.2 0.2885

In Figure 4(a) and 4(b), we have shown the variations of Dunn index values with respect to number of clusters
for AAAI 2013 and NIPS 2015 dataset, respectively. Here, the number of clusters is varied, while, #Iter and eta are
kept fixed i.e., 100 and 0.1, respectively. These figures correspond to all the representation schemes with different
vector dimensions. For AAAI 2013, it can be observed from Figure 4(a) that there is a big jump (increase) in the
Dunn index value corresponding to word2vec-50d and golve-50d representations at K=7, while, using, word2vec-
100d, word2vec-200d, and, glove-100d, there is a decrease in the Dunn index value at the same number of clusters.
For remaining representations, there is a small increase in the Dunn index value. For NIPS 2015 dataset, all the
representations including various dimensions have decrease in the Dunn index value with respect to the number of
clusters. All have maximum value of Dunn index at 2 clusters. Due to length constraint on the number of pages,
we are unable to show other parameters study w.r.t. dunn index value. However, we have shown some of the com-
binations of different parameters using word2vec representation (as it performs well in both the datasets) in Table 3.

Statistical Significance test: To check the validation of results obtained by GSOM (best results in terms of
Dunn index value corresponding to word2vec-50d for both the datasets), a statistical significance test named as,
Welch’s t-test is conducted at 5% significance level. This test provides p-value. Minimum p-value signifies that our
results are significant and it has been found that p-values obtained are less than 0.00001 for both datasets. This
proves that our best results are not occurred by chance, i.e., improvements are statistically significant.

5 Conclusions and Future Works

In this paper, we have explored the granular self-organizing map for scientific document clustering (SDC). Motivation
behind the work on SDC is to help the Editors of the conferences/journals to decide whether the submitted paper
is out of scope or not. Thus, it will save time for the author as well as the Editor. To represent the documents in
semantic space, two well know word embedding tools, word2vec and glove, were utilized. In the future we want to
create the fusion of GSOM and evolutionary algorithm so that we can get more optimized clusters. Moreover, it is
difficult to decide how many clusters exist in a dataset, therefore, another research direction is to detect the number
of clusters in an automatic manner.
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Abstract. Optical flow provides good features for many computer vision tasks, such as action recognition,
motion estimation and multi-target tracking. Well-performed deep networks are driven by lots of labeled data
which is hard to get especially in real scenes. In this work, we present a novel unsupervised method that
can learn optical flow by robust image reconstruction based on brightness constancy and structure similarity
constraints. To overcome negative effects of occlusion and obtain natural dense pixel flow fields, we propose
an edge-aware loss function for smoothing flow fields while following original image structure. Experiments
conducted on Flying Chairs and KITTI datasets conform the effectiveness and robustness of our method. It
also provides a good initialization for supervised fine-tuning.

Keywords: Optical flow · Robust image similarity · Unsupervised learning · Structure based smoothing

Fig. 1. The proposed unsupervised optical flow learning framework. Our optical flow network adopts an architecture like
PWCNet [4] and estimate flow field in a coarse-to-fine manner. For simplicity, only two adjacent levels are depicted. Robust
image reconstruction loss and edge-aware smooth loss are also applied in full five pyramid levels for guiding each Flow
Estimation Network to predict corresponding flow field.

1 Introduction

Optical flow estimation is a longstanding problem in computer vision with the well-known aperture problem and
ambiguity in occlusion or textureless regions. Due to its strong feature representation ability in pixel level motion,
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optical flow module serves as a basic building block for many high level vision tasks, for example, action recogni-
tion [8], object tracking [9] and video understanding [10]. Traditional methods cast optical flow estimation into an
energy minization framework which suffers from heavy computation and hampering it from practical applications.

Inspired by the great success of deep neural network in high level vision tasks such as classification [7] and
detection, some well-performed optical flow deep models are proposed. Dosovitskiy et al. [1] firstly construct a deep
neural network FlowNet for optical flow estimation by end-to-end training on the synthetic dataset with CAD chair
models flying in front of moving background taken from Flickr. Ilg et al. [2] further present variants of iterative
models named FlowNet2 and study training schedule on two synthetic datasets. Ranjan et al. [3] construct a pyramid
deep network called SPyNet to estimate optical flow in an coarse-to-fine manner, which is light weight and able to
run on mobile devices.

Though these methods can achieve state-of-the-art performance, there is still a big problem in lack of real
scene-dependent ground truth data for end-to-end training. Some synthesic datasets such as Flying Chairs [1] and
Flying Things3D [13] are generated by computer graphic methods, however, distribution gap between synthesic and
real image data in rendering is obvious and generalization ability of models trained on artificial datasets remains
challenging. The only hundards of real ground truth flow data in KITTI [11,12] dataset are acquired by laser radar
and it is not dense pixel. Therefore, it is worth studying with training optical flow networks on a sea of real videos
in an unsupervised way.

In this article, we introduce an end-to-end unsupervised approach that can learn optical flow from vast real video
data. Our model adopts a network structure based on recent state-of-the-art optical flow network PWCNet [4]. We
put forward several loss functions to achieve this goal. A robust image similarity loss in image reconstruction under
brightness changeable environment for guiding differentiable warping operation in unsupervised optical flow learning.
An edge-aware smooth loss that can smooth flow fields based on original image structure. To evaluate performance
of our method, we first train our model in Flying Chairs dataset without supervision, and then fine-tune on KITTI
image pairs. Results on test datasets of Flying Chairs and KITTI are reported along with comparison of several
well-behaved methods.

Our main contribution in this paper can be summarized as follows:
-We design a light weight while efficient system for unsupervised end-to-end optical flow learning.
-We propose a novel robust loss function to measure image similarity in brightness changeable environment and an
edge-aware smooth loss function for regularizing flow fields.
-We evaluate our methods on synthesic dataset and real world KITTI dataset to demonstrate the effectiveness of
our unsupervised learning method.

2 Related Work

2.1 Optical Flow Estimation

Optical flow estimation has been dominated by variational methods by minimizing an energy function since the
work of Horn and Schunck [15]. Some following works mainly focus on precise matching and dealing with large
displacements [16]. Successive work puts emphasis on sparse matching and interplation to generate dense pixel flow
fields [18]. There are also some learning base method such as using Markov Random Field (MRF) [19], getting spatial
statistics of flow field with a Field-of-Experts (FoE) model [20]. Recently, some deep learning methods improve the
speed-vs-precision trade-off by a large margin.

2.2 Unsupervised Learning Optical Flow

There is an emerging interest in learning optical estimation without ground truth data, mainly from video itself.
Seminal work by van Hateren et al. [17] model temporal coherence by Independent Component Analysis (ICA).
Spatial Transformer Network (STN) proposed by Jaderberg et al. [14] makes differentiable warping based method
can be integrated into end-to-end deep learning system. Jason J. Yu et al. [5] propose an unsupervised approach to
train a convnet to predict optical flow based on data term and spatial term. Z. Ren et al. [6] also propose a similar
framework with data term and smooth term loss functions.

3 Our Unsupervised Learning Framework for Optical Flow Estimation

3.1 Network Architecture

As show in Fig. 1, our network estimates optical flow from coarse to fine which contains a parameter sharing
siamese network named Pyramid Network. It extracts task-dependent feature as input of correlation module and
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Flow Estimation Networks. Each level in Pyramid Network takes two convolution layers followed by LeakyReLU,
and feature maps from high resolution to low are 32, 64, 64, 96, 96 and 128 separately.

There is one correlation module in each Flow Estimation Network. Searching radius of correlation is set to 4
as the same with PWCNet [4]. The total 5 Flow Estimation Networks among all resolutions employ 4 successive
convolution layers with output feture maps of 192, 128, 96 and 64. One followed convolution layer without non-linear
activation function serves as predicting flow field at the end of each Flow Estimation Network.

Fig. 2. Strong reflection, massive shadows and sharp illumination change in KITTI dataset.

3.2 Challenge in Real World

Many previous methods learn optical flow based on the assumption of brightness consistant, however, it usually
breaks the rule, especially in real world scenes as shown in Fig. 2. Strong reflection, massive shadows and sharp
illumination change make KITTI [12] bencmark challenging in optical flow estimation. It reflects the importance of
robustness in flow estimation methods.

Several unsupervised based approaches [5,6] adopt a data term for image reconstruction together with a smooth
term for solving the aperture problem and getting smooth natural results. Different from previous works, we improve
reconstruction loss function by introducing a robust image structure similarity term that mitigates adverse effects
from illumination variation. To prevent over-smoothing flow fields, our edge-aware smooth loss function is also
superior than traditional smoothness term. We now explain our robust loss functions in detail in the following.

3.3 Loss Functions

Robust Reconstruction Loss Given a pair of RGB images I1, I2 ∈ RH×W×3, our network estimates a forward
flow field F ∈ RH×W×2. Based on classical brightness constancy assumption, our image reconstruction loss contains
a fundamental L1 loss

Lreconstruction L1
=

1

N

∑
x

|I1(x)−W (I2, F )(x)|

N is number of pixels in I1, x is pixel coordinate index (x, y), and W is the differentiable warping operation [14]
based on bilinear interpolation.

In order to deal with illumination change in many real scenes, we introduce a robust similarity reconstruction
loss based on image structural similarity (SSIM) [21]. SSIM is formulated as

SSIM(x, y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σ2

y + c2)

Unlike L1 loss function strictly follows absolute value comparison which is noise sensitive, SSIM formula is based
on three comparison measurements between the samples of x, y, which are luminance l, contrast c and structure s.
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l(x, y) =
2µxµy + c1
µ2
x + µ2

y + c1
, c(x, y) =

2σxσy + c2
σ2
x + σ2

y + c2
, s(x, y) =

σxy + c3
σxσy + c3

By setting c3 = c2/2, we get

SSIM(x, y) = l(x, y) · c(x, y) · s(x, y)

We take x, y as 3×3 image block in the same position of I1 and W (I2, F ). If patch x and y have higher similarity,
SSIM(x, y) will get a larger value. Since SSIM ranges from 0 to 1, to minimize this structural similarity, our
structural similarity reconstruction loss is defined as

Lreconstruction structure =
1

N

∑
x

1− SSIM(I1(x),W (I2, F )(x))

2

Finally, our robust reconstruction loss function is a weighted sum of aforementioned two terms, and we set α to
0.85 empirically.

Lreconstruction robust = αLreconstruction structure + (1− α)Lreconstruction L1

Edge-Aware Smooth Loss The network predicts forward flow field F , which can be used to warp I2 to recover
I1, and F should have similar gradient distribution with the original RGB image I1. In this situation, we hold the
assumption that similar neighbor pixels in color space should have similar motion vector, and motion edges usually
occurs at image edges.

By taking image luminance field into consideration, we can get a local weighted smooth term that obeys original
color image structure. We deal with horizontal and vertical gradients separately. Our edge-aware smooth loss is
formulated as follows, we set β to 10.

Lsmooth edge−aware =
1

N

∑
x

(|∇xF (x)|e−β|∇xI1(x)| + |∇yF (x)|e−β|∇yI1(x)|)

Now our total loss function is a weighted sum of our robust reconstruction loss and edge-aware smooth loss over
total five pyramid levels.

Ltotal =
6∑
l=2

ωl(Llreconstruction robust + γLlsmooth edge−aware)

ω trades off weights among five different resolutions, and γ controls effectness between reconstruction and smooth
terms. In our experiments, we set ω2 = 12.0, ω3 = 6.0, ω4 = 4.0, ω5 = 3.0, ω6 = 1.0. According to cross validation, γ
is set to 0.1.

4 Experiments

In this section, we will describe our implement details and results on several benchmarks of proposed methods.

4.1 Implementation Details

Our experiments are conducted on a PC equipped with an Intel Core i7-6700 3.4GHz with 16GB memory and one
NVIDIA GTX1080Ti GPU. We use PyTorch as our deep learning framework.

We build pyramids of predicted flow fields and images in 5 reoslutions, where adjacent levels is 2 times in both
height and width. Our network structure and loss functions have been described in above sections.

Flying Chairs We first train our network on Flying Chairs dataset with the same training and testing separation
of FlowNet [1]. Training dataset contains 22, 232 image pairs, we adopt color jitter, horizontal flip, vertical flip,
random translate, random crop as data augmentation methods. The total training iterations is 300, 000, and initial
learning rate is set to 1e− 4 that decays to one-fourth every 100, 000 iterations. To regularize the network, weight
decay is set to 1e− 5. Image pairs are cropped to 320× 448 when importing into the network. Some visual results
on Flying Chairs testing dataset are depicted in Fig. 3.
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Fig. 3. Some visual results on Flying Chairs test dataset. Every three adjacent items form a group. From left to right are
fused color image, ground truth flow field, estimated flow field.

Fig. 4. Some visual results on KITTI2012 training dataset.
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Fig. 5. Some visual results on KITTI2015 training dataset.

Table 1. Comparison with other related methods.

Methods
Datasets Flying Chairs KITTI 2012

test train Noc train All

J. Yu-ft-KITTI [5] 5.3 4.3 11.3

Z. Ren-Chairs [6] 5.11 9.21 16.98

Z. Ren-ft-KITTI [6] 6.86 3.29 10.43

Ours-Chairs 4.01 4.56 10.84

Ours-ft-KITTI 5.18 3.11 8.14

KITTI We then finetune our network on KITTI2012 [11] and KITTI2015 [12] optical flow datasets also in an
unsupervised way. The training and testing image pairs of both datasets are employed with horizontal flip, color
jitter and random translate augmentation methods. There are 389 image pairs in KITTI2012 and 400 image paris
in KITTI2015. The total 789 image pairs are randomly cropped to 320× 896 before feeding into the network. Total
number of iterations is set to 100, 000 and learning rate takes 1e−5 and 2.5e−6 in two equal halves respectively. We
find that masking out pixels near image borders when calculating loss is benificial to the performance on KITTI. It
may because that pixels near borders have more serious occlusion. Visualization of experimental results on KITTI
are shown in Fig. 4 and Fig. 5.

4.2 Comparison with Other Related Methods

To demonstrate the effectiveness of our approaches, we compare our method with several advanced unsupervised
flow estimation methods most relevant to ours on Flying Chairs test set and KITTI2012 training set. J. Yu [5]
and Z. Ren [6] both take a data term and smooth term in loss function. Their network structure is similar to ours
and estimate flow field from coarse to fine in five adjacent resolutions. Obvious difference between our method and
theirs is our robust loss functions. End point error (EPE) of several methods is listed in Tab. 1. With the help of
our robust reconstruction loss function and edge-aware smooth loss function, our approach surpasses both methods
in Flying Chairs and KITTI2012 dataset.
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5 Conclusion

In this paper, we propose an unsupervised learning framework of optical flow which is robust in real scenes. Ex-
perimets domonstrate that our robust reconstruction loss function and edge-aware smooth loss function guide flow
learning in a more proper way compared to previous works. Results proof that this approach can get better per-
formance in both synthetic and real scenario datasets. Some visualizations show that our method can learn optical
flow from vast unlabeled videos automatically, which is beneficial to lots of subsequent high-level vision tasks.

Acknowledgments. This research is partly supported by NSFC, China (No:61876107, U1803261).
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Abstract. This paper introduces a new topological clustering approach to cluster high dimensional datasets based on t-SNE
(Stochastic Neighbor Embedding) dimensionality reduction method and Self-Organizing Maps (SOM). The unsupervised
learning is often used for clustering data and rarely as a data preprocessing method. However, there are many methods that
produce new data representations from unlabeled data. These unsupervised methods are sometimes used as a preprocessing
tool for supervised or unsupervised learning models. The t-SNE method which performs good results for visulaization
allows a projection of the dataset in low dimensional spaces that make it easy to use for very large datasets. Using t-SNE
during the learning process will allow to reduce the dimensionality and to preserve the topology of the dataset by increasing
the clustering accuracy. We illustrate the power of this method with several real datasets.

1 Introduction

Topological learning is a recent direction in Machine Learning which aims to develop methods grounded on statistics to
recover the topological invariants from the observed data points. Most of the existed topological learning approaches are
based on graph theory or graph-based clustering methods. The topological learning is one of the most known technique
which allows clustering and visualization simultaneously. At the end of the topographic learning, the ”similar” data will be
collect in clusters, which correspond to the sets of similar observations. These clusters can be represented by more concise
information than the brutal listing of their patterns, such as their gravity center or different statistical moments. As expected,
this information is easier to manipulate than the original data points. The neural networks based techniques are the most
adapted to topological learning as these approaches represent already a network (graph). This is why, we use the principle of
the self-organizing maps which represent a two layer neural network: an entry layer (the data) and a topological layer (the
map).

The main purpose of unsupervised learning methods is to extract generally useful features from unlabelled data, to detect
and remove input redundancies, and to preserve only essential aspects of the data in robust and discriminative representations.
Unsupervised methods have been routinely used in many scientific and industrial applications.

Unsupervised feature learning algorithms aim to find good representations for data, which can be used for different tasks
i.e. classification, clustering, reconstruction, visualization,... Recently, the SNE [5] and t-SNE [11] methods have shown high
feature learning performance used for dimensionality reduction and visualization [10].

The unsupervised learning is often used for clustering data and rarely as a data preprocessing method. However, there are
many methods that produce new data representations from unlabeled data. The data size can be measured in two dimensions,
the size of features and the size of observations. Both dimensions can take very high values, which can cause problems
during the exploration and analysis of the dataset. Models and tools are therefore required to process data for an improved
understanding. Indeed, datasets with a large dimension (size of features) display small differences between the most similar
and the least similar data. In such cases it is thus very difficult for a learning algorithm to detect similarity variables that
define the clusters [12]. Given a data matrix represented as vectors of variables (p observations and n features), the goal
of the unsupervised transformation of feature space is to produce another data matrix of dimension (p, n′) (the transformed
representation of n′ new latent variables) or a similarity matrix between the data of size (p, p). Applying a model on the
transformed matrix should provide better results compared to the original dataset. In this paper we focus on models that
are based on topological unsupervised learning and the t-SNE (Stochastic Neighbor Embedding) in order to reduce the data
dimensionality of the data and to take advantage from the topological preservation of information. We also study higher
order approximations for t-SNE. As unsupervised topological clustering, we use SOM based strategies which are often used
for visualization and this technique allowing projection in low dimensional spaces that are generally two-dimensional. It is
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one of the most used methods among the unsupervised learning methods. This network has given rise to numerous practical
applications in order to visualize and perform the information reduction.
At the end of learning the t-SNE, the “similar” data will be separated from the dissimilar data. As expected, this information
is easier to manipulate than the original data points.

The rest of this paper is organized as follows: we present the principle of Self-Organizing Maps is introduced. In section
3, the principle of the SNE and t-SNE models is introduced in section 2 and we present the proposed approach in section 4.
In Section 5 we present different results and, finally the paper ends with a conclusion and some future works.

2 Topological unsupervised learning

The models that interest us in this paper are those that could make at the same time the dimensionality reduction and cluster-
ing, i.e. using Self-Organizing Maps (SOM) [14] for dimensionality reduction and Hierarchical Clustering to cluster the map.
SOM models are often used for visualization and unsupervised topological clustering. Its allow projection in small spaces that
are generally two dimensional. Some extensions and reformulations of the SOM model have been described in the literature
[3], [15], [12].

Self-organizing maps are increasingly used as tools for the visualization of data, as they allow projection in low, typically
bi-dimensional spaces. The basic model proposed by Kohonen consists of a discrete set C of cells called “map”. The map C
has a discrete topology defined by undirected graph; usually it is a regular grid in two dimensions. To define the proximity
notion on C it is necessary to define a topological neighborhood. To this end for each pair of cells (k, k′) on the map, the
distance d(k, k′) is defined as the length of the shortest chain linking cells k and k′ on the grid, i.e. the Manhattan distance.
More precisely, if the units cell k and k′ have the coordinates (k1, k2) and (k′1, k

′
2) respectively then:

d(k, k′) = |k1 − k′1|+ |k2 − k′2| (1)

For each cell k this distance defines a neighborhood whose influence is controlled by a kernel positive function K (K ≥ 0 and
lim
|t|→∞

K(t) = 0). The mutual influence between two units j and K is defined by the function Kk,k′(·):

Kk,k′(t) =
1

λ(t)
exp

(
−d

2(k, k′)

λ2(t)

)
(2)

where λ(t) is the temperature’s function modeling the neighborhood’s range:

λ(t) = λ0

(
λf
λ0

) t
tmax

(3)

where λ0 and λf represent respectively the initial and the final temperature (for example λ0 = 2 and λf = 0.5), tmax - is the
maximum allotted time and t is the number of iterations.

The function Kk,k′(·) is a Gaussian introduced for each neuron of the map with a global neighborhood. The size of this
neighborhood is limited by the standard Gaussian deviation λ(t). The units that are beyond this range have a significant
influence (but not null) on the considered cell. The range λ(t) is a function decreasing in time, so, the neighborhood function
Kk,k′(·) will have the same trend with a standard deviation decreasing in time.

Let RM be the data space and E = {xn;n = 1, . . . , N} be a set of observations, where each data observation xn =
(xn,1,xn,2, . . . ,xn,M ) is a raw vector in R1×M . For each cell k of the grid (map), we associate a referent vector (prototype)
wk = (wk,1,wk,2, . . . ,wk,M ) ∈ R1×M which characterizes one cluster associated to cell k. The set of referent vectors
is denoted by W ⊂ R1×M . The cardinal of the set |W| is denoted by P. The SOM strategy can be seen as a constrained
K-means, in which the distance is weighted using a neighbouring function K. Unlike K-means, the SOM is not optimizing
any well-defined cost function. In the SOM case, we determine the set of parametersW by minimizing the objective function:

R(W) =
N∑
n=1

P∑
k=1

Kn,ik(xn)‖xn −wk‖2, (4)

where ik(xn) assigns each observation xn to a single cell in the map C by using the following rule:

ik(xn) = argmin
k
‖xn −wk‖2. (5)
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The cost function in Equation (4) can be minimized using both stochastic and batch techniques [14].
Note that in SOM models we define the neighborhood matrix H ∈ RP × RP as follows

Hk,k′ = Kk,k′(tmax) =
1

λ(tmax)
exp

(
− d

2(k, k′)

λ2(tmax)

)
. (6)

This matrix allows to defines a confusion probability that the input xn is instead represented by the the weight vector wk′

associated to some node k′ of the map C.

3 t-Distributed Stochastic Neighbor Embedding

The SNE strategy map high-dimensional points into a low-dimensional space by using a probabilistic selection of similar
neighbors. While in the SOM models the low-dimensional coordinates of the prototypes are fixed and associated to the grid
C and the high-dimensional ends are free to move, in the SNE model the probability distribution function p in the high-
dimensional space of datapoints is fixed and the low-dimensional probability distribution q adaptively is computed in order to
obtain a good approximation of p by using q. The core principle of the Stochastic Neighbor Embedding (SNE) is to convert
the high-dimensional Euclidean distances between data points into affinity probabilities that represent similarities. For two
points xn and xn′ in the high-dimensional space the probability to have for xn, the datapoint as its neigbor is given by:

pn′|n =
exp

(
−‖xn−xn′‖2

2δ2n

)
N∑

l=1,l 6=n
exp

(
−‖xn−xl‖

2

2δ2n

) (7)

where δn is the variance of the Gaussian that is centered on datapoint xn. In other words pn′|n is computed by using a scaled
version of the Euclidean distance between two high-dimensional points xn and xn′ . The scale factor δn could be estimated
based on the neighbors of the datapoint xn. By locally approximating the conditional probability in Equation (7) by the first
order Taylor polynomial we obtain:

pn′|n =

(
1 + ‖xn−xn′‖2

2δ2n

)−1
N∑

l=1,l 6=n

(
1 + ‖xn−xl‖

2

2δ2n

)−1 . (8)

In the Equation (8) we recognize the so-called t-SNE model which uses the Cauchy distribution. In this paper we will use
higher order Taylor polynomial to locally approximate the conditional probability in Equation (7). In this setting we have:

pn′|n =

(
Ps
(
‖xn−xn′‖2

2δ2n

))−1
N∑

l=1,l 6=n

(
Ps
(
‖xn−xl‖2

2δ2n

))−1 , (9)

where Ps is the s-order Taylor polynomial approximating the exponential function:

exp(−x2).

Note that the definition in Equation (7) and also the approximations in Equations (8) respectively Equation (9) are not sym-
metric one. By definition we have pn′|n 6= pn|n′ and pn|n = 0. We define the symmetric version of pn|n′ by:

pnn′ =
pn|n′ + pn′|n

2
. (10)

For the low-dimensional data yk and yk′ corresponding to high-dimensional datapoints xn and xn′ , we follow the same
strategy. Therefore the affinity probability denote by qk′|k is computed as follows:

qk′|k =
exp

(
−‖yk−yk′‖

2

2σ2
k

)
K∑

c=1,c6=k
exp

(
−‖yk−yc‖

2

2σ2
k

) (11)
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where σk is the variance of the Gaussian that is centered on datapoint yk. Moreover the probability defined in Equation (11)
could be locally approximated by using the first order Taylor polynomial as follows:

qk′|k =

(
1 + ‖yk−yk′‖

2

2σ2
k

)−1
K∑

c=1,c6=k

(
1 + ‖yk−yc‖

2

2σ2
k

)−1 . (12)

Or by using the s-order Taylor polynomial to locally approximate the conditional probability in Equation (11) we get:

qk′|k =

(
Ps
(
‖yk−yk′‖

2

2σ2
k

))−1
N∑

l=1,l 6=n

(
Ps
(
‖yk−yk′‖2

2σ2
k

))−1 . (13)

Note that in this paper the induced probability in the low dimensional space is based on the Euclidean distance with a scale
factor. Again note that this definition is not symmetric one, we have qk′|k 6= qk|k′ and qk|k = 0. We define the symmetric qkk′
by:

qkk′ =
qk|k′ + qk′|k

2
. (14)

The goal of SNE or t-SNE is to obtain a probability function in the low-dimension space that modelize the distribution in
the high-dimensional space. Therefore the Kullback-Leibler divergence is used as a measure of the faithfulness with which
qn′|n models pn′|n. SNE minimizes the sum of Kullback-Leibler divergences over all data points using a gradient descent
method given by the cost function:

CSNE(p, q) =
N∑
n=1

KL(Pn‖Qn) (15)

=
N∑
n=1

N∑
n′=1

pn′|n log
pn′|n

qn′|n
, (16)

where Pn represents the represents the conditional probability distribution over all other datapoints given datapoint xn, and
Qnthe conditional probability distribution over all other map points given map point yn. As an alternative to minimizing the
sum of the Kullback-Leibler divergences between the conditional probabilities qn′|n and pn′|n, it is also possible to minimize
a single Kullback-Leibler divergence between a joint probability distribution, P , in the high-dimensional space and a joint
probability distribution, Q, in the low-dimensional space:

KL(P‖Q) =

N∑
n=1

N∑
n′=1

pnn′ log
pnn′

qnn′
, (17)

Note that by using the approximation defined in Equation (9) we have pnn′ > (2N)−s for all datapoints xn, as a result
of which each datapoint xn makes a significant contribution to the cost function. The same remark stand for the low data
representation.

In t-SNE, the method uses the Student t-distribution with one degree of freedom (which is the same as a Cauchy distri-
bution) which correspond to the first order approximation of the exponential. The Student’s t-distribution has the probability
density function is given by:

ft(x) ∝
(
1 + x2

ν

)− ν+1
2

,

where ν is the number of degrees of freedom. By using the t-distribution and by considering the standard deviation independent
of k in Equation (13) the joint probabilities qkk′ induced in the low-dimensional space are defined as follows:

qkk′ =

(
1 + ‖yk − yk′‖2

)−1
K∑

c=1,c6=k
(1 + ‖yk − yc‖2)−1

. (18)
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The main advantage in the uses of t-Student distribution is the property that the factor (1 + ‖yk − yk′‖2)−1 approaches the
inverse square of pairwise distances ‖yk−yk′‖2 in the low-dimensional space. The time per iteration is considerably reduced
since in this case we will naturally ignore all the pairs of datapoints for which the probabilities pnn′ and qnn′ are close to zero.
Since the probabilities pnn′ are fixed during the learning process we could use a certain fixed threshold and set to zero all
the small values in p. Note that unlike the pairwise similarities defined in Equation (11) the qkk′ are symmetric. Note the low
complexity computation of qnn′ given by Equation (18) in comparison with the complexity computation of qkk′ in Equation
(11).

Conducted experiments in [11] [10] on a variety of data sets show that t-SNE outperforms existing state-of-the-art methods
for dimensionality reduction and visualization.

4 Spectral clustering based on higher order approximation of Stochastic Neighbor Embedding

Proposed method Spectral clustering method needs to construct an adjacency matrix and calculate the eigen-decomposition
of the corresponding Laplacian matrix. Both of these two steps are computational expensive. Then, it is not easy to apply
spectral clustering on large scale data sets. In order to circumvent this problem a first solution was proposed in [4]. In [4], the
authors propose to use the matrix A ∈ RP×P defined by App′ = exp(−‖wp −wp′‖2/2σ2) if p 6= p′, with App = 0 and for
all p, p′ ∈ {1, . . . , P}. The matrix A being the spectral representation of the prototypes spaces. We propose here to construct
the affinity matrix A by using a higher order approximation of the exponential function as follows:

App′ =
pp|p′ + pp′|p

2
, p 6= p′. (19)

and App = 0 for all p, p′ ∈ {1, . . . , P}. Here pp|p′ respectively pp′|p are defined by using Equation (9). For the first order
approximation we have:

App′ =

(
1 + ‖wp −wp′‖2

)−1
K∑

c=1,c6=k
(1 + ‖wp −wc‖2)−1

, p 6= p′, (20)

and App = 0 for all p, p′ ∈ {1, . . . , P}. We note that App′ > (2P )−1 for all p, p′ ∈ {1, . . . , P} and p 6= p′. While for the
second order approximation we get:

App′ =

(
1 + ‖wp −wp′‖2 + 1

2‖wp −wp′‖4
)−1

K∑
c=1,c6=k

(
1 + ‖wp −wc‖2 + 1

2‖wp −wp′‖4
)−1 , (21)

for p 6= p′ and App = 0 for all p, p′ ∈ {1, . . . , P}. We note that for the second order approximation we have App′ > (2P )−2

for all p, p′ ∈ {1, . . . , P} and p 6= p′. As already mentioned by approximating the exponential by the first order In Equation
(12) or higher order approximation in Equation (13) allows to avoid all the points with probabilities close to zero resulting in
the reduction of the computational time per operation. In order to compute the Laplacian of the matrix A we first define the
diagonal matrix D as follows:

Dpp =
M∑
m=1

Apm, and Dpp′ = 0, for p′ 6= p. (22)

for all p, p′ ∈ {1, . . . , P}.
Applying traditional clustering methods on high dimensional datasets can be vary challenging. In order to take into account

the topological structure of our data we compute the neighrbohood matrix H in the step 1 of our algorithm. In the step 3 a
new affinity matrix is computed as the product between the matrix H and the distance probability symmetric matrix defined
in Equation (19). Therefore the new affinity matrix contains both sources of information: the topological one and the spectral
one.

5 Experimental Protocol

To evaluate the proposed method, we used several datasets of different size and complexity. For each dataset and experience we
computed the external clustering validation indexes as the real class information is available for all of them, and we compared
also the computational time between the classical spectral clustering and the proposed method.

82 ICONIP2019 Proceedings

Australian Journal of Intelligent Information Processing Systems Volume 17, No. 1



6 N. Rogovschi et al.

Algorithm 1 Spectral clustering based on higher order approximation of Stochastic Neighbor Embedding
Input: N data points x1,x2, . . . ,xN ∈ RM ;
Cluster number K ;
Output: K clusters;

1. Compute P = |W| prototype vectorsW ⊂ RP×M and neighbourhood matrix H ∈ RP×P using SOM (see Equation (6)).
2. Construct the affinity matrix as in Equation (19)
3. Construct the affinity matrix S = A ·H
4. Define D as in Equation (22).
5. Find u1, u2, . . . , uK , the K largest eigenvectors of L = D−1/2SD−1/2. (chosen to be orthogonal to each other in the case of

repeated eigenvalues), and form the matrix U = [u1, u2, . . . , uK ] ∈ RN×K by stacking the eigenvectors in columns.
6. Compute Y the ortonormalized version of U .
7. Compute the prototypes matrix W using the SOM algorithm on the low dimension Y .
8. Cluster each prototype from W into K clusters via K-means algorithm.
9. Assign the prototypes wp to cluster k if and only if row p of the matrix Y was assigned to cluster k.

5.1 Data sets

We performed several experiments on four known problems from the UCI Repository of machine learning databases [2].

Dataset nb. observations nb. features nb. classes
Waveform 5000 40 3
WDBC 569 32 2
Madelon 2000 500 3
SpamBase 4601 57 2
MNIST 1000 784 10

5.2 Description of datasets

– Waveform dataset: This dataset consists of 5000 observations divided into three classes. The original dataset included 40
features, 19 of which were attributed to noise, with mean 0 and variance 1. Each class was generated from a combination
of 2 of 3 ”base” waves.

– Wisconsin Diagnostic Breast Cancer (WDBC): This dataset includes 569 observations with 32 features (ID, diagnosis, 30
real-valued input features). Each observation is labelled as benign (357) or malignant (212). Features are computed from
a digitized image of a fine needle aspirate (FNA) of a breast mass. They describe characteristics of the cell nuclei present
in the image.

– Madelon dataset: MADELON is an artificial dataset, with continuous input features. It formed part of the NIPS 2003
feature selection challenge. This dataset is a two-class classification problem which contains data points grouped into 32
clusters placed on the vertices of a five dimensional hypercube and randomly labelled +1 or -1. The five dimensions con-
stitute five informative features. Fifteen linear combinations of these features were added to form a set of 20 (redundant)
informative features. Based on these 20 features, the examples can be separated into the two classes (corresponding to the
+/-1 labels).

– SpamBase dataset: The SpamBase dataset is composed of 4601 observations described by 57 features. Every feature
describes an e-mail and its category: spam or not-spam. Most of the attributes indicate whether a particular word or
character occurs frequently in the e-mail. The run-length attributes (55-57) measure the length of sequences of consecutive
capital letters.

– MNIST dataset: The MNIST dataset consists of grayscale images of handwritten digits. The size of each image is 28×28
= 784 pixels. Each image corresponds to one of ten classes (09). We selected 300 images from each of the class.

5.3 Quality indexes

Evaluating the performance of a clustering algorithm is not as trivial as counting the number of errors or the precision and
recall of a supervised classification algorithm. To evaluate the quality of clustering, we adopt the approach of comparing the
results to a ”ground truth”. We use the clustering accuracy, the Rand index and Jaccard index for measuring the clustering
results. This is a common approach in the general area of data clustering. In general, the result of clustering is usually assessed
on the basis of some external knowledge about how clusters should be structured. This may imply evaluating separation,
density, connectedness, and so on. The only way to assess the usefulness of a clustering result is indirect validation, whereby
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clusters are applied to the solution of a problem and the correctness is evaluated against objective external knowledge. This
procedure is defined by [8] as ”validating clustering by extrinsic classification”, and has been followed in many other studies
([7], [9], [1]). We feel that this approach is reasonable one if we don’t want to judge clustering results by some cluster validity
index, which is nothing but a bias toward some preferred cluster property (e.g., compact, or well separated, or connected).
Thus, to adopt this approach we need labelled data sets, where the external (extrinsic) knowledge is the class information
provided by labels. In this work we consider the purity (accuracy) index, Rand index and Jaccard index for validation.

Purity index Let C be the set of class labels and Ω - the clustering result, we denotes by a the number of pairs of points with
the same label in C and assigned to the same cluster in Ω, b denotes the number of pairs with the same label, but in different
clusters and c denotes the number of pairs in the same cluster, but with different class labels. The index produces a result in
the range [0, 1], where a value of 1 indicates that C and Ω are identical.

The purity of a cluster is the percentage of data belonging to the majority class. Assuming that the data labels set L =
l1, l2, ..., l|L| and the prototypes set C = c1, c2, ..., c|C| are known, the formula that expresses the purity of a map is the
following: Each cluster is assigned to the class (real label) which is most frequent in the cluster, and then the purity of this
assignment represents the number of correctly assigned objects and dividing by the total number of objects N :

purity(Ω,C) =
1

N

∑
k

max
j
|ωk ∩ cj |.

Rand index The Rand index or Rand measure introduced in [13] is a measure of the similarity between two data clusters:
Given a set of n objects S = {O1, ..., On}, suppose C = {u1, ..., uR} be the and V = {v1, ..., vC} represent two different
partitions of S such that ∪Ri=1ui = S, ∪Cj=1vj = S and ui∩ui′ = ∅, vj ∩vj′ = ∅ for all 1 ≤ i 6= i′ ≤ R and 1 ≤ j 6= j′ ≤ C.
Suppose that U is our external criterion and V is the clustering result, we define the following:

– a, the number of pairs of objects that are placed in the same class in U and in the same cluster in V ;
– b, the number of pairs of objects in the same class in U but not in the same cluster in V ;
– c, the number of pairs of objects in the same class in V but different in U ;
– d, the number of pairs of objects in different classes and different clusters in both partitions.

The both, a+ b can be considered as agreements between U and V, and c+ d as the number of disagreements between these
two partitions. Therefore the Rand index [13] is computed by the following formula:

R =
a+ b

a+ b+ c+ d
; (23)

The Rand index has a value between 0 and 1, with 0 indicating that the two data clusters do not agree on any pair of points
and 1 indicating that the data clusters are exactly the same. However, this index does not take into account the fact that the
agreement between partitions could arise by chance alone. This could greatly bias the results for higher values of concordance
[6].

Jaccard index In the Jaccard index which has been commonly applied to assess the similarity between different partitions of
the same dataset, the level of agreement between a set of class labels C and a clustering result Ω is determined by the number
of pairs of points assigned to the same cluster in both partitions.The Jaccard index takes on a value between 0 and 1. An index
of 1 means that the two dataset are identical, and an index of 0 indicates that the datasets have no common elements. The
Jaccard index is defined by the following formula:

J(Ω,C) =
a

a+ b+ c
(24)

This is simply the number of unique elements common to both sets divided by the total number of unique elements in both
sets.

The table 1 summarize the obtained results for the four datasets by applying the classical K-means, the spectral clustering
and the proposed method for spectral clustering by using the first and the second order approximation of the exponential . We
can note that our method outperforms the classical K-means and the spectral clustering, but we have to note here that the goal
is also to preserve the topological structure of the data for visualization. We note also the order of the approxiamtion plays a
key role, since by using higher order approximation the results are improved. The topological structure of the data is preserved
thanks to the t-SNE method, as it can be seen in the figure 2, where the 10 clases of the MNIST dataset are well separated
compared to the use of the PCA (Principal Component Analysis) in figure 1.
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(a) PCA (b) t-SNE

Fig. 1. Visualization of the MNIST dataset

Table 1. Experimental results for K-means, Spectral Clustering and proposed approaches

Dataset Acuracy Rand Jaccard
K-means 51.4600 0.6216 0.5854

Waveform spectral 54.1780 0.6721 0.6107
1st order proposed 54.8230 0.7036 0.6280
2nd order proposed 55.1320 0.7162 0.6430
K-means 63.5949 0.5369 0.5086

SpamBase spectral 69.6320 0.6152 0.5746
1st order proposed 70.0740 0.6312 0.5791
2nd order proposed 70.7340 0.6552 0.5987
K-means 83.4130 0.7104 0.5499

Wdbc spectral 85.1327 0.7689 0.6178
1st order proposed 85.1620 0.7710 0.6146
2nd order proposed 86.0230 0.8012 0.6456
K-means 50.2500 0.4998 0.3329

Madelon spectral 52.1820 0.5209 0.3979
1st order proposed 52.5290 0.5741 0.4006
2nd order proposed 53.1290 0.5841 0.4162
K-means 83.4130 0.8739 0.7546

MNIST spectral 85.0615 0.9307 0.8012
1st order proposed 85.8430 0.9514 0.8217
2nd order proposed 86.2131 0.9643 0.8342

6 Conclusions

In this study we proposed a new topological unsupervised learning model which allows to cluster a large dataset by preserving
the local structure of the data. The proposed method use the Self-Organizing Maps by reducing the dimensionality using the
t-SNE model. The obtained results show that the proposed method improves the clustering results in term of external indexes.
For future work, the spectral topological clustering can be used to improve the clustering results, and to adapt this method for
multi-view datasets.
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