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An image caption generation method based on attention fusion

MO Hongwei, TIAN Peng
(College of Automation, Harbin Engineering University, Harbin 150001, China)

Abstract: The spatial attention mechanism and the high-level semantic attention mechanism can improve the effect of
image captioning, but the method for extracting the spatial attention of image by directly dividing the convolutional
neural network cannot accurately extract the features corresponding to target in the image. In order to improve the effect
of image captioning based on attention, this paper proposes an image caption model based on attention fusion, using
Faster R-CNN (faster region with convolutional neural network) as an encoder to exect image features and simultan-
eously detect the features of accurate position and noun attribute of the target object, then those features as high-level se-
mantic attention and spatial attention respectively to guide the generation of word sequence. The experimental results on
COCO dataset show that the performance of the image caption model based on attention fusion outperforms the image
caption models based on spatial attention and most mainstream image caption models. Based on the cross entropy train-
ing method, we use reinforcement learning method to directly optimize the image caption evaluation index to train the
model, which significantly improves the accuracy of the image caption model based on attention fusion.

Keywords: image caption; convolutional neural network; spatial attention; Faster R-CNN; attention mechanism; noun

attribute; high-level semantic; reinforcement learning
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Table 1 Comparison of experimental results between the image caption models based on attention fusion and other main-

stream models

A B, B, B, B, M R C S
Baseline 0.741 0.573 0.431 0.323 0.257 0.541 1.019 0.191
Spatial-Attention 0.752 0.590 0.450 0.342 0.263 0.552 1.060 0.196
Soft-Attention 0.707 0.592 0.344 0.243 0.239 — — —
Hard-Attention 0.718 0.504 0.357 0.250 0.230 0.516 0.865 —
Semantic-Attention 0.709 0.537 0.402 0.304 0.243 0.543 1.042 —
Adaptive-Attention 0.742 0.580 0.439 0.332 0.266 0.550 1.037 —
SA-Attention 0.771 0.612 0.473 0.364 0.275 0.568 1.132 0.208
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TGS R R, JE B, #8485 T, SA-Attention 57!
945t Soft-Attention B IFR53 51 H 0.064, 7F B, 45
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SA-Attention (XE):

a dog and a cat are sitting on a table
SA-Attention (CIDEr):

a dog and a cat playing with each other

SA-Attention (XE):

a field
(@) 750 1

SA-Attention (XE):

a man skiing down a snowy hill on skis
SA-Attention (CIDEr):

a woman is skiing down a snowy hill

(d) 715l 4

a group of children playing soccer on afield
SA-Attention (CIDEr):
a group of young children playing soccer on

(b) 7=t 2

SA-Attention (XE):

a little girl holding a toothbrush in her
mouth
SA-Attention (CIDEr):

a little girl brushing her teeth with a
toothbrush

(e) il 5

B A5 B R SA-Attention( XE ) F# F a4k
272 A CIDEr P 48 b Il 2545 2 (ALY SA-At-
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SA-Attention (XE):
panda bear sitting on a tree branch
SA-Attention (CIDEr):

two panda bears sitting on the top of
a tree branch

(c) il 3

SA-Attention (XE):
a horse drawn carriage with a man
standing in front of it

SA-Attention (CIDEr):

a black and white photo of horses pulling
drawn carriage

(H) =il 6

2 SA-Attention ( XE ) #EIF SA-Attention ( CIDEr ) #5304 ff B %3 4
Fig. 2 Image caption generated by SA-Attention (XE) model and SA-Attention (CIDEr) model
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Table 2 Experimental results of reinforcement learning uses different indicators to optimization model

A B, B, B, B, M R C S
SA-Attention( XE ) 0.771 0.612 0.473 0.364 0.275 0.568 1.132 0.208
SA-Attention( CIDEr) 0.794 0.633 0.484 0.364 0.277 0.574 1.231 0.212
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T T LALE VAN 48 b Lk — 25 000 A £l 52 S 4t
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Fig.3 Score change curve with the number of training
steps on the CIDEr indicator
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Fig. 4 Visualization of the working process of spatial at-
tention mechanism improved based on Faster
R-CNN
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