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Performance scores for models (Area under ROC)
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mit saliency benchmark
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datasets submission downloads

results
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mit saliency benchmark results: mit300

images
300 benchmark images (the fixations from 39 viewers per image are not public such that no medel can be trained using this data set).

model performances

Model Visualizations

66 models, 5 baselines, 8 metrics, and counting...
Performance numbers prior to September 25, 2014.
Matlab code for the metrics we use.
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tracking progress with the MIT Saliency Benchmark

66 models evaluated on
MIT benchmark (as of Sept 30,2016)

top are neural networks

neural networks make up of all
submissions (|17 models since 2014)



What are the common architectures used
for of saliency!?
How are these models trained?
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Tutorial overview

“Deep networks for
saliency map prediction”
Naila Murray

architectures
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tracking progress with the MIT Saliency Benchmark
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models

tracking progress with the MIT Saliency Benchmark
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models

tracking progress with the MIT Saliency Benchmark
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As model performances continue to
approach ground truth, how can we have
more meaningful evaluation!?



Tutorial overview

“Evaluating saliency models in a
probabilistic framework”
Matthias Kummerer

¥

loss functions & evaluation

*




New data collection methodologies

How can we collect enough
for neural network models of saliency?



New data collection methodologies

Webcam-based

Amazon Mechanical Turk
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Xu et al. [ArXiv 2015]
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Krafka et al. [CVPR 2016]




New data collection methodologies

Webcam-based Click-based

Facial Landmark Eye Tracking
Tracking Experiment

1 Instruction

Amazon Mechanical Turk

: low dimensional : SVR
feature - Papoutsaki et al. [IJCAIl 2016]
L) ()
4 Gaze Prediction ==clsaiad

Raw data

Xu et al. [ArXiv 2015]
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This chart represents the mandatory vacation
days for countries around the world. The
countries with the least amount of required
vacation days are the USA at the lowest
followed by Hong Kong, China and then
Mexico. The countries with the most vacation
days are Austria at the top with Brazil and
France following close behind.
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What kind of are possible
with state-of-the-art saliency architectures
and big data!?
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s saliency solved?



Tutorial overview

“Towards cognitive saliency”
Zoya Bylinskii
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Tutorial overview

“Towards cognitive saliency”
Zoya Bylinskii

Action Main Focus
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Model
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Tutorial Schedule
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Intro & Overview: New directions in saliency
Tutorial organizers

Deep networks for saliency map prediction
Naila Murray, Xerox Research Centre Europe

Evaluating saliency models in a probabilistic framework
Matthias Kimmerer, University of Tuebingen

Saliency for image understanding and manipulation
Ming-Ming Cheng, Nankai University

Coffee break

Towards cognitive saliency
Zoya Bylinskii, Massachusetts Institute of Technology

Research Panel



