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In this work we go beyond standard
approaches to saliency prediction
and we present a novel model which
can predict accurate saliency maps
by incorporating neural attentive
mechanisms.

The core of our solution is a
Convolutional LSTM that focuses on
the most salient regions of the input
image to iteratively refine the
predicted saliency map. Additionally,
to tackle the center bias present in
human eye fixations, our model can
learn a set of prior maps generated
with Gaussian functions.
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 Extension of the traditional LSTM to work on spatial features by substituting O O N avearall oerformance when using
dot products with convolutional operations. SAMPUEG: | 1| Dl ey QEE SJE | o output of the Attentive
 Exploitation of the sequential nature of the LSTM to process features in an SAM-VGG | 2 | 0827 0.777 0883  3.224 ConvLSTM at different timestep
iterative way, without the concept of time. SAM-VAG 1310898 0781 0885 3.226 asin
‘ SAM-VGG | 4 | 0.830 0.782 0883 3.219 put for the rest of the model.
The input of the LSTM layer X, is computed through an attentive mechanism ziﬁizzij ; 8:;23 SZZZ 3::;?5 2:2?2 The re.fmement perform(?d by the
which produces an attention map from the previous hidden state H:_1 of the SAM.-ResNet | 3 | 0842 0779 0.886 3.256 attentive model results in better
LSTM and the input X SAMResNet | 4 | 0.844 0.787 0.836 3260 | Performance.

Ze = Vo x tanh(Wo * X + Us * Hi-1 + ba) SAM-VGG SAM-ResNet ~GT

The output of this operation is a 2-d map from which we compute a normalized
spatial attention map through the softmax operator

exp(Z,”) )
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where Af;j is the element of the attention map in position (¢, 7).

AY = p(att;| X, Hy_q) =
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The attention map is applied to the t=1 t=2 _t=23J

input with an element-wise product

between each channel of the feature
maps and the attention map

Xt:AtQX.
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Learned Priors

 Our network is able to learn the center bias present in eye fixations, without especially on SALICON, the biggest R E 077  0.71 087 230
the need to integrate this information manually. dataset available for saliency. DeepFix [5] 0.78 0.71 087 2.26

e The model learns means and variances of a set of Gaussian functions with ML-Net [1] Uk 00 Uisa 20D
ReSUItS on SALICON DataSEt SalNet, [3] 0.58 0.69 0.83 1.51

other methods by a big margin

SAM-ResNet | 0.78 0.70 0.87 2.34

diagonal covariance matrix and produces a prior map for each function.

CC sAUC AUC NSS DeepGazell [4] | 0.52 0.72 0.88 1.29
Loss Function CC NSS SAM-ResNet | 0.84 0.78 0.88 3.20 R
esults on CAT2000 Dataset
SAM-VGG 0.83 0.77 088 3.14

0.90 3.45 -

To take different quality aspects into account, ,°s . I ML-Net [1] 0.74 0.77  0.87 2.79 CC sAUC AUC NSS
. . . . S 0.80 § :

we define a new loss function given by a linear ¢, g SU [2] 0.78 0.76  0.88 2.6l SAM-ResNet | 0.89 0.58 0.88 2.38
combination of three Sa“ency evaluation °%° | SalNet [3] 0.62  0.72 0.86 1.86 SAM-VGG 0.89 0.58 0.88 2.38

0.65 ! TResNa 2.55 e e .
metrics: the NSS, the CC and the KL-Div. SAM-VGG SAM-ResNet SAM-VGG SAM-ResNet DeepGazell [4] | 0.51  0.76 0.89 1.34 DeepFix [5] 0.87 0.58 0.87 2.28

Loss: B KL-Div B CC NSS B Ours

Dilated Convolutional Network

We build two different versions of our model, one based on the VGG-16 and the
other based on the ResNet-50. To limit the rescaling, we employ dilated
convolutions thus obtaining saliency maps rescaled by a factor of 8 instead of 32.
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