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Figure 3. LSTM model combined with a CNN 1mage embedder
(as defined in [12]) and word embeddings. The unrolled connec-
tions between the LSTM memories are in blue and they corre-

spond to the recurrent connections in Figure[2] All LSTMs share
the same parameters.
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I Attention-based neural encoder-decoder framework
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I Attention-based neural encoder-decoder framework
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v, : spatial image features S, : visual sentinel vector
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« Recurrent neural network(RNN)2 A2t encoder-decoder frameworkO||
Me| ZtZtO| conditional probability

f: nonlinear function that outputs the probability of y;

*h;: hidden state of the RNN at time t

°c;: visual context vector at time t extracted from image |
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m, : memory cell vector at time t-1
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I Spatial Attention Model

1. Vanilla encoder-decoder frameworks
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I Spatial Attention Model
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I Spatial Attention Model
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I Adaptive Attention Model
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v, : spatial image features S, : visual sentinel vector
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I Adaptive Attention Model
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I Adaptive Attention Model
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I Encoder-CNN
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I Encoder-CNN

vi=ReLU (Wa Cli)
v,=ReLU (Wja?)

I Decoder-RNN

U= HE], x,

Xt = [Wt;vg]

w, = “word embedding vector”, ng "global image feature vector”
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Experiment result

Flickr30k MS-COCO
Method B-1 B-2 B-3 B-4 METEOR  CIDEr B-1 B-2 B-3 B-4 METEOR  CIDEr
DeepVS [11] 0.573  0.369 0240 0.157 0.153 0.247 0625 0450 0321 0.230 0.195 0.660
Hard-Attention [30]  0.669 0439 0.296 0.199 0.185 - 0.718 0504 0357 0.250 0.230 -
ATT-FCNT' [34] 0.647 0460 0324 0.230 0.189 - 0.709  0.537 0402 0304 0.243 -
ERD [32] - - - - - - - - - 0.298 0.240 0.895
MSMT [33] - - - - - - 0.730 0.565 0.429 0.325 0.251 0.986
Ours-Spatial 0.644 0462 0327 0.231 0.202 0493 0.734 0.566 0418 0.304 0.257 1.029
Ours-Adaptive 0.677 0.494 0354 0.251 0.204 0531 0.742 0.580 0439 0332 0.266 1.085

Table 1: Performance on Flickr30k and COCO test splits. T indicates ensemble models. B-n is BLEU score that uses up to
n-grams. Higher is better in all columns. For future comparisons, our ROUGE-L/SPICE Flickr30k scores are 0.467/0.145
and the COCO scores are 0.549/0.194.

B-1 B-2 B-3 B-4 METEOR ROUGE-L CIDEr

Method c5 cd0 ¢S c40 c5 cd0 c5 c40 c5 cd0 c5 c40 c5 cd0

Google NIC [27] 0.713 0895 0542 0802 0407 0694 0309 0587 0254 0346 0530 0682 0943 0.946
MS Captivator [8] 0.715 0907 0543 0819 0407 0710 0308 0601 0.248 0339 0526 0680 0931 0937

m-RNN [18] 0.716 0890 0545 0.798 0404 0687 0299 0575 0242 0325 0521 0666 0917 0935
LRCN [7] 0.718 0895 0548 0.804 0409 0695 0306 058 0247 0335 0528 0678 0921 0934
Hard-Attention [30] 0.705 0.881 0.528 0.779 0.383 0.658 0.277 0537 0241 0322 0516 0654 0865 0.893
ATT-FCN [34] 0.731 0900 0565 0815 0424 0709 0316 0599 0250 0335 0535 0682 0943 0.958
ERD [32] 0.720 0900 0.550 0812 0414 0705 0313 0597 025 0347 0533 0686 0965 0.969
MSM [33] 0.739 0919 0575 0.842 0436 0740 0330 0632 0256 0350 0542 0.700 0984 1.003
Ours-Adaptive 0.748 0920 0584 0845 0444 0744 0336 0.637 0264 0359 0550 0.705 1.042 1.059

Table 2: Leaderboard of the published state-of-the-art image captioning models on the online COCO testing server. Our
submission is a ensemble of 5 models trained with different initialization.

16



Experiment result
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Figure 4: Visualization of generated captions and image attention maps on the COCO dataset. Different colors show a
correspondence between attended regions and underlined words. First 2 columns are success cases, last columns are failure
examples. Best viewed in color.

17



Experiment result
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Figure 5: Visualization of generated captions, visual grounding probabilities of each generated word, and corresponding
spatial attention maps produced by our model.
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Figure 6: Rank-probability plots on COCO (left) and Flickr30k (right) indicating how likely a word is to be visually grounded
when it is generated in a caption.
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Experiment result

B Spatial Attention B Adaptive Attention

Figure 7: Localization accuracy over generated captions for top 45 most frequent COCO object categories. “Spatial At-
tention” and “Adaptive Attention” are our proposed spatial attention model and adaptive attention model, respectively. The
COCO categories are ranked based on the align results of our adaptive attention, which cover 93.8% and 94.0% of total
matched regions for spatial attention and adaptive attention, respectively.
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Conclusion l

 In this paper, we present a novel adaptive attention encoder-decoder
framework, which provides a fallback option to the decoder. We further
introduce a new LSTM extension, which produces an additional “visual
sentinel”,

« Our model achieves state-of-the-art performance across standard
benchmarks on image captioning.

« We perform extensive attention evaluation to analysis our adaptive
attention.

« Though our model is evaluated on image captioning, it can have useful
applications in other domains
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