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Introduction

Work on “learning with rationales” shows that humans providing 
explanations to a machine learning system can improve the system's 
predictive accuracy. However, this work has not been connected to work in 
“explainable AI”  which concerns machines explaining their reasoning to 
humans.

In this work, we show that learning with rationales can also improve the 
quality of the machine's explanations as evaluated by human judges. 
Specifically, we present experiments showing that, for CNN-based text 
classification, explanations generated using “supervised attention” are 
judged superior to explanations generated using normal unsupervised 
attention.

Results

RA-CNN provides better explanations for the largest percentage of test 
documents (43.47%). The explanations are considered equal 36.14% 
of the time, and the remaining 20.48% of the documents were better 
explained by AT-CNN.

We ran a baseline test to ensure that AT-CNN explanations are 
reasonable and can at least beat a weak baseline. From the results 
above we can see that AT-CNN is beating the random baseline the 
majority of the time, demonstrating that attention, even without human 
supervision, can provide helpful explanations for a model's decision.

Models and Data

Methods

Our Human Intelligence Task (HIT) shows a worker two copies of a test 
document along with the document's classification. Each copy of the 
document has a subset of sentences highlighted as explanations for the 
final classification. This subset is chosen as the 3 sentences with the 
largest weights from either AT-CNN's attention weights or RA-CNN's 
supervised weighting.

AT-CNN1 is a CNN based text classification model with an attention 
mechanism that enforces a weighting over the sentences in the document.
RA-CNN1 is similar to AT-CNN but learns the weighting over the 
sentences from training labels called rationales, we call this “supervised 
attention.”

Percentage of examples where each model 
provided the best explanations

RA-CNN AT-CNN Equal

43.47% 20.48% 36.14%

Conclusion

Training with human rationales improves explanations for a model's 
classification decisions as evaluated by human judges. We show that while 
an unsupervised attention based model does provide some valuable 
explanations, as proven in the experiments comparing to a random 
baseline, a supervised attention model that trains on human rationales 
outperforms those results. 
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Comparing AT-CNN to Random Baseline

AT-CNN Random Equal
57.23% 15.66% 27.12%

Classification Accuracy
AT-CNN RA-CNN
88.50% 90.00%

Percentage Of Test Documents where AT-CNN and RA-
CNN share n explanation sentences

0 1 2 3
33.5% 43.1% 22.2% 1.2%

Quality Control

For our experiments on Amazon Mechanical Turk (AMT), we use gold 
standard questions to weed out poor workers, and require a group 
consensus on each test document.

The dataset consists of 2000 movie reviews2, 1800 used for training and 200 
for test. Each document is either a positive or negative review.
Rationales: extra human annotations in the dataset that mark which 
sentences most support the classification.


