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Introduction

i
e Formal problem definition of Aspect level sentiment classification

e Given a sentence s = [wq, wy, ..., w; ..., wj, ...wp] and an aspect target t = [w;, ..., w;j], the
goal is to classify the sentiment as positive, negative, or neutral.

The food in this restaurant is excellent, but the service is not good. food +1
The food in this restaurant is excellent, but the service is not good. service -1
Boot time is super fast, around anywhere from 35 seconds to 1 Boot +1
minutes. time
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e Components in the model
— LSTM layer[3]: we use LSTM to get the semantic meaning of texts.

The repeating module in an LSTM contains four interacting layers.
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e AOA layer: generate an attention vector from aspect hidden states to

Method

indicate important words in the sentence.
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Dataset Positive | Neutral | Negative
Laptop-Train 994 464 870
Laptop-Test 341 169 128
Restaurant-Train | 2164 637 807
Restaurant-Test | 728 196 196

Table 1: Statistics of the datasets from SemEval 2014
Task 4.
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Methods Restaurant Laptop

TD-LSTM [24] |0.756 0.681

AT-LSTM [29] ]0.762 0.689

ATAE-LSTM [29]]0.772 0.687

IAN [12] 0.786 0.721

AOA-LSTM 0.812 (0.797+0.008)|0.745 (0.726+0.008)

Table 2. Comparison results. For our method, we run it 10 times and show best (mean==std)”.
Performance of these baselines are cited from their original papers.
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the appetizers are ok but the sarvice » slow
food . +1/+1
great food but the service was dreadful !
great food but the service was dreadful !
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Table 3: Examples of final attention weights for sentences. The color depth denotes the importance degree of the
weight in attention vector .
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