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Abstract For the overall quality of the sentence describing the generated image is not high in the current image descrip-
tion task,and an image description model fusing word2vec and attention mechanism was proposed. In the encoding
stage,the word2vec model is used to describe the text vectorization operations to enhance the relationship among
words. The VGGNetl19 network is utilized to extract image features.and the attention mechanism is integrated in the
image features,so that the corresponding image features can be highlighted when the words are generated at each time
node. In the decoding stage,the GRU network is used as a language generation model for image description tasks to im-
prove the efficiency of model training and the quality of generated sentences. Experimental results on Flickr8k and

Flickr30k data sets show that under the same training environment,the GRU model saves 1/3 training time compared to

the LSTM model. In the BLEU and METEOR evaluation standards,the performance of the proposed model in this pa-

per is significantly improved.
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K; : A backpacker in the mountains u-
sing his hiking stick to point at a
glacier.

K, : A backpacker points to the snow-
capped mountains as he stands on a
rocky plain.

K3 : A hiker is pointing towards the

4 mountains.

K, : A hiker poses for a picture in front
of stunning mountains and clouds .

K5 : A man with a green pack using his

pole to point to  snowcapped

mountains.

Q: A backpacker uses a pole to point to
a mountain covered by snow in the
distance.

(a)

K;:A boy in his blue swim shorts at

the beach.

K, : A boy smiles for the camera at a

beach.

Kj: A young boy in swimming trunks is
walking with his arms outstretched
on the beach.

K :Children playing on the beach.

K5 : The boy is playing on the shore of

an ocean.
Q: Smiling boy in swimming trunks is

playing on the shore of an ocean.

(b

Bl 6  Flickr8k i 45 b A 1 138 43 41) F 7 Bl

Fig. 6 Examples of candidate sentence generated with

Flickr80k data set

K;:A woman figure skater in a blue

costume holds her leg in the air by
the blade of her skate.
+ Ky : A lady in a blue outfit is practicing
figure skating.
Kj3:A man and a woman ice skating on
a rink.
K, : A very graceful ice skater.
K5 : Woman dancing on the ice.
Q:A girl is dancing on the rink.
(a)
K : A little boy with a pacifier in his
mouth stands in a park with a
goose.

8 K,:A little child with a red cap and a

g

duck are in the grass.
Kj : A child looking at camera and bird
in background.
K, : The little boy is in the park near a
duck.

K5 : A young boy was watching a goose.

Q: A little boy with a pacifier stands
with a duck in the park.

(b

P 7 Flickr30k B4R b A 1 i 78 434 775 491

Fig. 7 Examples of candidate sentence generated with

Flickr30k data set
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Table 2 Performance evaluation of different models on

Flickr8k dataset

HAE BLEU_1 BLEU_2 BLEU_3 BLEU_4 METEOR
multimodal-RNNE8J 57.9 38.3 24.5 16.0 16.7
m-RNN-VGGNet16M15) — - — - —
gLSTM? 64.7 45.9 31.8 21.6 20.2
LRCN0 - — — — -
Google NICM?! 63.0 1.0 27.0 - —
Hard-Attention|'*) 67.0 45.7 31.4 21.3 20.3
Soft-Attention- %] 67.0 44.8 29.9 19.5 18.9
ours 66.8 46.0 32.1 22.0 20. 2
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Table 3 Performance evaluation of different models on
Flickr30k dataset
A BLEU_1 BLEU_2 BLEU_3 BLEU_4 METEOR
multimodal-RNN 57.3 36.9 24.0 15.7 15.3
m-RNN-VGGNetl6 60 41 28 19 —
gLSTM 64.6 44.6 30.5 20.6 17.9
LRCN 58.7 39.1 25.1 16.5 —
Google NIC 66. 3 42.3 27.7 18.3 —
Hard-Attention 66.9 43.9 29.6 19.9 18.5
Soft-Attention 66.7 43.4 28.8 19.1 18.5
ours 66.6 45.0 31.0 21.0 18.9
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Ly FH A [A) B @ b LSTM 2, KA H A T LSTM 2/3 By I
LA R T 5 LSTM ML A K. Btk A 4 4 44 F . GRU
RERITEROR E AT LSTM #E AL,
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# 4 LSTM Ml GRU ByPEREX L
Table 4 Performance comparison between LSTM and GRU
(Hf7 . h)
A # ]  BLEU_1 BLEU_2 BLEU_3 BLEU_4 METEOR
Att-LSTM 168 66.5 45.1 30. 8 20.7 18.8
Att-GRU 113 66.6 45.0 31.0 21.0 18.9
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TEMERS R B T GRU M %, (i 15 855 A48 = T il ik
A BT A T NGRS )L 3 T IRk, (R AR ST
PR R AE R H A B US4 19 VGGNet19 iR,
FAR A LS AS i A 55 7 5K [ 2 VGGNet19 #5570 (1 3 i 4%
s HLBEA A S b o 5 R 2 B AT A

i F Flickr8k 1 Flickr30k #0848l B B /N, T
— 25 R T R B ) B R 2 COCO 847 45 2 31 5 A1 9840
T3 WG R AE 77 3 40 R F B8 R J2 1Y ResNet [ 45 5 32 B
MG REAE , DAk ResNet [ 28 55 2 245, A1 45 $2 B9 R AE 55
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