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Image captioning models based on text information supplement
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Abstract: The deep neural network based on encoder-decoder has achieved good performance in the image captioning
task, long short term memmory(L.STM) has an excellent ability to solve gradient disappearance, making it the ma-
instream of decoders. The gating mechanism of LSTM better solves the long-term dependence of recurrent neural
network(RNN). However, the gating structure screening leads to the lack of information, which makes the expres-
sion ability of the LSTM hidden unit insufficient, which in turn makes the LSTM input information missing and in-
sufficient prediction information. To solve these two problems, this paper proposes two LSTM image captioning
models based on text information supplements. The input information supplement (1IS) model uses the information
extraction function to extract more text information as input to solve the missing of LSTM input information. The
output information supplement (OIS) model uses the information extraction function to extract the hidden unit in-
formation of multiple time steps for prediction to solve the insufficient LSTM prediction information. Experiments
show that both modelshave significantly improved the various evaluation indicators in the Al CHALLENGER test
set.
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Tab. 1 Input information of each order of LSTM complements the model indexes

K BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L CIDER
1(NIC) 0.682 0.510 0.378 0.275 0.360 1.677
2 0.689 0.519 0.385 0.282 0.363 1.718
3 0.691 0.519 0.385 0.282 0.365 1.718
4 0.696 0.523 0.388 0.284 0.366 1.727
5 0.692 0.520 0.385 0.282 0.366 1.744
6 0.705 0.531 0.395 0.290 0.370 1.758
7 0.695 0.523 0.388 0.286 0.368 1.752
8 0.699 0.529 0.394 0.289 0.369 1.730
9 0.699 0.529 0.394 0.290 0.369 1.720
10 0.697 0.525 0.390 0.285 0.368 1.745
11 0.696 0.524 0.391 0.287 0.369 1.744
12 0.695 0.526 0.391 0.286 0.367 1.741
13 0.699 0.527 0.392 0.288 0.370 1.751
14 0.699 0.527 0.393 0.290 0.368 1.755
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Tab. 2 Output information of each order of LSTM complements the model indexes

L BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L CIDER
1(NIO) 0.682 0.510 0.378 0.275 0.360 1.677
2 0.685 0.511 0.378 0.275 0.360 1.675
3 0.689 0.516 0.382 0.278 0.364 1.693
4 0.692 0.522 0.387 0.285 0.364 1.714
5 0.692 0.520 0.385 0.282 0.366 1.744
6 0.688 0.515 0.378 0.275 0.362 1.690
7 0.696 0.524 0.390 0.287 0.365 1.740
8 0.692 0.516 0.381 0.276 0.364 1.690
9 0.691 0.519 0.384 0.280 0.364 1.689
10 0.692 0.519 0.384 0.280 0.365 1.697
11 0.687 0.517 0.383 0.279 0.362 1.705
12 0.690 0.515 0.378 0.275 0.361 1.711
13 0.694 0.519 0.384 0.280 0.362 1.719

14 0.691 0.519 0.382 0.278 0.362
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Tab. 3 Comparison of performance of various classic models

BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L CIDER

LRCN 2ul18] 0.660 0.498 0.373 0.261 — —

LRCN 2f(18] 0.664 0.493 0.374 0.267 — —
NIC2) 0.682 0.510 0.378 0.275 0.360 1.677
Soft-Attt8] 0.685 0.518 0.380 0.280 0.363 1.710
Spatialt®! 0.694 0.524 0.388 0.281 0.365 1.726
Sentinell?’ 0.699 0.527 0.393 0.289 0.368 1.753
OIS Model 0.696 0.524 0.390 0.287 0.365 1.740
11S Model 0.705 0.531 0.395 0.290 0.370 1.758
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Tab. 4 1IS+ OIS joint model experiment results
K L BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGLE CIDER
1(NIC)  1(NIC) 0.682 0.510 0.378 0.275 0.360 1.677
2 6 0.694 0.523 0.389 0.285 0.367 1.736
3 6 0.697 0.525 0.390 0.288 0.370 1.741
4 6 0.695 0.521 0.385 0.284 0.366 1.713
5 6 0.699 0.527 0.391 0.289 0.367 1.742
6 6 0.693 0.521 0.386 0.285 0.365 1.729
(Srrre-Seaarn) SerirySe) (S Se) 7 6 0.697 0.525 0.389 0.285 0.366 1.704
5 HIS+HOISEA#EBEE 8 6 0.693 0522 0388  0.281 0364  1.730

Fig. 5 IS+ OIS joint model structure diagram
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