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“In order to assess the global, overall 

conspicuity of a location, we will assume the 

existence of another topographical map, 

termed the saliency map, which combine the 

information of the individual maps into one 

global measure of conspicuity.”1

Hypothesis: saliency map is sequentially 

scanned by attention

“Where” but not “what” 2

Selective attention & the saliency map

1 C. Koch and S. Ullman. Shifts in selective visual attention: towards the underlying neural circuitry. Human neurobiology,1985.
2 E. Niebur & C. Koch. Control of selective visual attention: Modeling the" where" pathway. NIPS, 1995.
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https://cseweb.ucsd.edu/classes/fa09/cse258a/papers/koch-ullman-1985.pdf
https://papers.nips.cc/paper/1154-control-of-selective-visual-attention-modeling-the-where-pathway.pdf


Saliency map prediction

Computational models aim to produce an output saliency map given an input image:

input image saliency map
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- Hierarchical processing is ubiquitous in low-level human vision 1,2

- Excellent performance on saliency map prediction task

Why go deep?
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1 D. H. Hubel., and T. N. Wiesel. Receptive fields, binocular interaction and functional architecture in the cat's visual cortex. 

The Journal of physiology,1962.
2RM Cichy, A Khosla, D Pantazis, A Torralba, and A. Oliva. Comparison of deep neural networks to spatio-temporal 

cortical dynamics of human visual object recognition reveals hierarchical correspondence. Scientific reports, 2016.

http://onlinelibrary.wiley.com/doi/10.1113/jphysiol.1962.sp006837/pdf
http://www.nature.com/articles/srep27755


- Deep unsupervised models

- Deep supervised models

- Conclusions and future directions

Outline
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Deep unsupervised models
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Key considerations:

- Network architecture

- Incorporation of prior cues

- Loss function

Deep unsupervised models
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Deep unsupervised models

1 Itti, Laurent, and Christof Koch. "Computational modelling of visual attention." Nature reviews neuroscience 2.3 (2001): 194-203.
2 A. M. Treisman & G. Gelade. A feature-integration theory of attention.Cognitive psychology, 1980.
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Classical model1 :

- Inspired by feature-integration 
theory2 

- Filters for feature map 
generation are engineered by 
hand

http://ilab.usc.edu/publications/doc/Itti_Koch01nrn.pdf
http://www.cse.psu.edu/~rtc12/CSE597E/papers/treismanFeatIntegration.pdf


Deep unsupervised models

9

Wavelet-based model:

- Convolutional filters 

- Normalization and non-
linearities between each 
layer

- Feature maps are 
combined using inverse 
wavelet transform

N. Murray, M. Vanrell, X. Otazu, C. A. Parraga. Low-level spatio-chromatic grouping for saliency estimation. TPAMI, 2013.

https://www.cvc.uab.cat/~xotazu/CompVis/Saliency/PAMI_2013.pdf


Deep supervised models

10



Typically, superior performance to unsupervised models

Large-scale proxy datasets have enabled effective supervised 

learning

Key considerations:

- Network architecture

- Incorporation of prior cues

- Supervision mechanism

- Loss function

Deep supervised models
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Ensemble of Deep Networks (eDN):

- 1-3 layer networks

- Up to 43 hyper-parameters

- Linear patch classifier is learned

- fixated and non-fixated regions used to supervise training

- Small-scale dataset used for training

- Filters are drawn randomly

Deep supervised models
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E. Vig, M. Dorr, and D. Cox. Large-scale optimization of hierarchical features for saliency prediction in natural 

images. CVPR, 2014.

T. Judd, K. Ehinger, F. Durand, & A. Torralba. Learning to predict where humans look. ICCV, 2009.

http://coxlab.org/pdfs/cvpr2014_vig_saliency.pdf
http://people.csail.mit.edu/tjudd/WherePeopleLook/Docs/wherepeoplelook.pdf


Deep supervised models
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eDN model:

E. Vig, M. Dorr, and D. Cox. Large-scale optimization of hierarchical features for saliency prediction in natural 

images. CVPR, 2014.

http://coxlab.org/pdfs/cvpr2014_vig_saliency.pdf


Deep supervised models
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Convolutional network model:

- pre-trained for visual recognition 
task

- Incorporation of centre-bias prior 

M. Kümmerer, L. Theis, and M. Bethge. Deep Gaze I: Boosting Saliency Prediction with Feature Maps Trained on 

ImageNet. ICLR Workshop, 2015

https://arxiv.org/abs/1411.1045


Deep supervised models
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N. Liu, J. Han, D. Zhang, S. Wen and T. Liu. Predicting Eye Fixations using Convolutional Neural Networks. CVPR, 2015.

- Sample fixated and non-fixated patches

- Train end-to-end binary classifier

- At testing time, composite maps from local regions to construct global map

http://www.cv-foundation.org/openaccess/content_cvpr_2015/papers/Liu_Predicting_Eye_Fixations_2015_CVPR_paper.pdf


Deep supervised models
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New large-scale datasets with 

proxy eye-fixation data

→ Training all features of larger 

networks

Still small-scale compared to 

networks designed for 

semantics prediction

J. Pan, E. Sayrol, X. Giro-i-Nieto, K. McGuinness, N. E. O'Connor. Shallow and Deep Convolutional Networks for 

Saliency Prediction. CVPR, 2016.

Shallow and Deep Convolutional Networks for Saliency Prediction


Deep supervised models
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- Domain adaptation to saliency works

- Adding multi-scale information helps

X. Huang, C. Shen, X. Boix, Q. Zhao. SALICON: Reducing the Semantic Gap in Saliency Prediction by Adapting Deep 

Neural Networks. ICCV, 2015.

http://www.cv-foundation.org/openaccess/content_iccv_2015/papers/Huang_SALICON_Reducing_the_ICCV_2015_paper.pdf


Deep supervised models
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Gaussian priors

- Saliency map priors

- Increased resolution: dilation layers

S. Kruthiventi, K. Ayush, and R. Venkatesh Babu. Deepfix: A fully convolutional neural network for predicting human 

eye fixations. arXiv, 2015.

https://arxiv.org/abs/1510.02927


Deep supervised models

19

- Saliency map priors

- Multiple resolutions

M. Cornia, L. Baraldi, G. Serra, R. Cucchiara. A Deep Multi-Level Network for Saliency Prediction. ICPR, 2016.

https://arxiv.org/abs/1609.01064


Deep supervised models
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Dense prediction problem - which loss functions to use?

- Euclidean / Huber loss

- Losses based on probability distance measures:

S. Jetley, N. Murray, and E. Vig. End-to-End Saliency Mapping via Probability Distribution Prediction. CVPR, 2016.

http://www.cv-foundation.org/openaccess/content_cvpr_2016/papers/Jetley_End-To-End_Saliency_Mapping_CVPR_2016_paper.pdf


Deep supervised models

Convergence of AUC using different loss functions

21 S. Jetley, N. Murray, and E. Vig. End-to-End Saliency Mapping via Probability Distribution Prediction. CVPR, 2016.

http://www.cv-foundation.org/openaccess/content_cvpr_2016/papers/Jetley_End-To-End_Saliency_Mapping_CVPR_2016_paper.pdf


Conclusions & Future Directions
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Conclusion
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Using deep networks is a classical approach to 
modelling saliency maps

Supervised networks achieve state-of-the-art 
performance on standard benchmarks

But:

- Datasets are biased towards semantic
objects

- What about psychophysical stimuli?

- Saliency v.s. eye-fixation prediction

S. Rahman & N. Bruce. Saliency, Scale and Information: 

Towards a Unifying Theory. NIPS, 2015.

http://machinelearning.wustl.edu/mlpapers/paper_files/NIPS2015_5946.pdf


- Spatio-temporal saliency networks

- From saliency maps to selective attention

- Incorporating saliency map networks into larger pipelines

What’s next for saliency map networks
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https://papers.nips.cc/paper/5542-recurrent-models-of-visual-attention.pdf
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Additional references
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http://www.cv-foundation.org/openaccess/content_cvpr_2016/papers/Kruthiventi_Saliency_Unified_A_CVPR_2016_paper.pdf
http://www.cvc.uab.es/people/aparraga/Publications/CVPR/Murray_etal_CVPR2011.PDF
http://www.ai.mit.edu/courses/6.899/papers/PoggioModel.pdf
http://cns-alumni.bu.edu/~yazdan/pdf/Itti_etal98pami.pdf
http://www.cnbc.pitt.edu/~plaut/IntroPDP/papers/MozerSitton98chap.attention.pdf
http://cns.bu.edu/Profiles/Grossberg/GroMinTod1989IEEE.pdf
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