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Abstract

We present the systems of the Ict_spring team for
the 2017 TAC KBP BeSt Evaluation.

1 Introduction

The 2017 TAC KBP BeSt Evaluation aims
to predict beliefs and sentiments of targets.
We use the following data sets from the LDC.

e LDC2016E27_ DEFT English Belief

_and_Sentiment_Annotation_V2

o LDC2016E61 _ DEFT _Chinese_Belief

_and_Sentiment_Annotation

e LDC2016E62 DEFT _Spanish_Belief

_and_Sentiment_Annotation

e LDC2016E114 TAC_KBP _2016_Belief

_and_Sentiment_Evaluation_Gold

*These authors contributed equally to this work.

_Standard_Annotation

We submitted three different systems which
show different performance. This notebook
has divided into three parts. Firstly, we will
introduce three different systems according
to their feature engineering and models. The
second part is the most important part which
includes feature extraction, models and the
process of source finding. And then the re-
sults of our team has illustrated. Lastly, we

concluded our work.

2 Types of Systems Submitted

The ICT _Spring team submitted three sys-
tems, each of them contains English Chinese

and Spanish.



2.1 System 1

The first system includes gold ere and pre-
dicted ere. For the gold ere, sentiment clas-
sification applies regression method, the dif-
ference is that the discussion forum data take
general features, and the newswire data us-
ing doc2vec features. In belief classification,
we take the doc2vec features to train a two-
layer neural networks with 20 iterations. For
the predicted ere, we use the general fea-
tures to take regression prediction in senti-
ment classification and neural networks in

belief classification.

2.2 System 2

The second system only submits the gold ere
part, in which sentiment classification use
dec2vec features to train a two-layer neural
network, but the English discussion forum

data uses general features.

2.3 System 3

The third system is submitted as a baseline,
which sets all sentiment as neg and all belief

as cb.

3 Approaches

3.1 Feature Extraction

In aspect of features extraction, three types
of features are extracted. And we determine
which type to use according to the perfor-
mance in different situations. We introduce

them as follows.

3.1.1 General Features

These features includes tfidf, the number of
sentiment words, the quantified sentiment
values of words, the type of entities and so
on. They are extracted in the level of target

texts and contexts respectively.

The context of a target includes the sen-
tence which contains the target and 2 sen-
tences before this sentence as well as 2 after
this sentence, totally 5 sentences. Of course
we can change the number of sentences to 3,
7 and so on. But through tests, setting the
number to 5 leads to the best performance.

In practice, we determined the best com-
bination of the features mention above by
experiments. In addition, these features can
be added to the embedding matrix features
as well when using CNN as the classification

model.

For the features about sentiment, we use



the python package pattern.en.sentiment!.
Lack of sentiment dictionaries for Chinese
and Spanish, features about sentiment words

are removed for these two languages.

3.1.2 Word Embeddings

Another type of features is based on word
embeddings. We use pretrained word em-
beddings here, combining the word embed-
dings of context, window text, and target
text of each target. For English, what we use
is the ready-made Glove word embeddings
on Wikipedia. We have tried both the em-
beddings with 300 dimensions and that with
100 dimensions and it turned out that there
is not obvious difference in terms of perfor-
mance. For Chinese, we have embeddings
trained with Chinese blogs by ourselves. We
do not have appropriate Spanish corpus, so
we did not try this kind of feature on this
language.

The way of combination is different for dif-
ferent models. For example, to apply to
CNN, we put them together to construct a
matrix, and to apply to a two-layer network,
we compute the average vector of these word
embeddings.

However, the embedding features did not

Thttps://www.clips.uantwerpen.be/pages/pattern-

en#sentiment

perform good in our experiments on the de-
velopment set, so they are not used in the

final submissions.

3.1.3 Doc2vec

We use the model of doc2vec to generate fea-
tures as well. The model is trained with of-
ficial data, using the context of each target
as one document. We have external data for
English and Chinese, so in these two lan-
guages we train the model with official data
combined with external data. For English
the external data set is imdb?, and for Chi-

nese we use a weibo data set.

3.2 Models

In the aspect of models, mainly two models
are used to extract the results, regression
and a fully connected neural network
with two layers. In addition, we do some
other attempts such as CNN, SVM, logistic

regression and so on.

3.2.1 Regression

To apply the task to regression, we treat the
labels as real values, and also predict real
After

that, we set thresholds to turn these val-

values for the samples of test data.

2http://ai.stanford.edu/ amaas/data/sentiment/



The thresholds are deter-

mined artificially according to repeated ex-

ues into labels.

periments.

3.2.2 Fully Connected Neural networks

The fully connected neural networks is of two
layers, trained as a multi-classification model
via a softmax function. Due to the small
scale of training data, we only constructed
this model with two layers to reduce param-

eters.

3.2.3 Other Models

In addition, we do some other attempts such
as CNN, SVM, logistic regression and so on.
CNN is also trained as a multi-classification
model and uses the embedding matrix as fea-
tures. Classifiers like SVM and LR is used in
the form of 1vsl or 1vsothrs. We also tried
to use the sentiment word dictionary to filter
the results. And we merged these models by
voting. But these models tend to predict the
labels of most samples as None, which is not
what we desire.

We have tried some other methods pro-
posed in some papers as well, but the perfor-
mance is not desirable all the same. The two
models mentioned above, i.e., regression and
the two-layer network, perform best. There-

fore, we submit the results of these two mod-

els eventually.

3.3 Resampling

The training data are imbalanced in this
task. There are too many samples labeled
with None in sentiment annotations and too
many samples labeled with cb in belief an-
notations.

For belief classification, the problem can
be omitted since predicting all samples as cb
is acceptable and even good. However, in the
sentiment classification task, most samples
are labeled with None, which will be removed
when evaluating the performance, and as a
result it is meaningless to predict all samples
as None. In other words, we need to detect
samples with sentiment.

Hence, to highlight the importance the
positive and negative samples, we do up re-
sampling in sentiment classification. For in-
stance, to apply to a multi-class classification
model, we should make both the number of
the positive samples and the negative sam-
ples become the same as the number of None

samples.

3.4 Sources Finding

Our method to find source is to use the au-

thor as its source. Most newswires and some



discussion forums do not have author, and

so we set the sources to None.

4 Evaluation and Results

The results of the evaluation is showed in Ta-
ble 1-6. In the three submitted systems we
submitted, system3 is treated as the base-
line, which for sentiment all samples are set
as neg, and for belief cb.

We first look at the sentiment task. In the
case of gold ERE, as expected, our System
1 has high performance in terms of preci-
sion and F-measure. But in predicted ERE,
System 3 performs best on F-measure. In
contrast, System 2 has a higher precision at
the cost of much lower recall, which leads
to the final F-measure lower than System 3.
Thus, in terms of F-measure, our best sys-
tem is, disappointingly, our baseline system,
System 3.

We now consider the belief task. For
gold ERE, among our three systems, Sys-
tem 3 performance best in F-measure, which
mainly caused by higher recall. This is be-
cause the actual label of most samples is ex-
actly cb. However, Our System 1 got the
highest F-measure among all three languages
in predicted ERE, which is attributed to

higher precision.

As expected the results in predicted ERE
are significantly lower due to the errors in-
troduced by entity, event and relation anno-
tation. Meanwhile, the score in discussion
forums is higher than that in newswires in
both tasks.

5 Conclusion

In conclusion, feature engineering is a crucial
part which can determine the final result.
Deep neural network has the ability of fea-
ture extraction, but in our experiments, lin-
ear regression had better performance than
deep neural network. In our opinion, fea-
tures, parameters and the structure of model
all are the reasons. On the other hand, we
only used some rules to get source via our ex-
perience. In the following work, we can try
to use machine learning to find source. Also,
every aspect should be considered more care-

fully.
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