JO A CERFRRATRNF S 2021

—-n- R

-

—

Enhanced soft attention mechanism
with an inception-like module for image captioning

R PR A AT 55
1% 17 SR Inception R B [ 1Y 5l X+ = JJHL

Zheng Lian, Haichang Li, Rui Wang, Xiaohui Hu

2020 I[EEE 32nd International Conference on Tools
with Artificial Intelligence (ICTAI), 9-11 November 2020
{lianzheng2017, haichang, wangrui, hxh}@iscas.ac.cn

Introduction & Motivation

* |mage captioning is a multimodal task connecting computer vision and
natural language processing.

* Traditional Soft Attention Mechanism (TSAM) assigns a weight to a certain
region by only taking as input its own feature maps and some external
characteristics, which will lead to unreasonable weight distribution due to
the lack of surrounding information related to the region.
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* In this paper, we propose an Enhanced Soft Attention Mechanism (ESAM),
which improves the architecture of the TSAM. Instead of a single layer
perceptron, we implement the transformation of the regional features
through an inception-like module, which can capture additional information
from surrounding regions.

* We further add an Attention LSTM to process the attended features, which
can catch the previous attention distribution and provide better
representations of attention weights to the followed fully connected layer.

Example 1

Ground Truth: a black and white cat relaxing inside a laptop
TSAM: a cat is sitting on top of a chair
. a black and white cat sitting on top of a laptop computer

An Example

* The caption model with TSAM generates the wrong word “chair” rather than
the ground truth “laptop”. This is due to the fact that the TSAM does not
consider the information of adjacent regions, which leads to a relatively
gathered attention distribution.

* With the help of the inception-like module, our ESAM balances the attention
weights between adjacent regions. The attention map produced by our
ESAM covers almost the whole “laptop” and then leads the language
module to generate a more reasonable descriptive sentence.




