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Introduction

Saliency Map
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How to judge saliency model
performance?
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Model evaluation

» Common intuition: Higher saliency corresponds to more
fixations
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Model evaluation

» Common intuition: Higher saliency corresponds to more
fixations

» Saliency is operationalised by measuring fixation densities:

p(x,y)
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Model evaluation

History of Probablistic Modelling in Saliency

> Vincent et al: Do we look at lights? Vis.Cog. 2009

» Barthelmé et al: Modelling fixation locations using spatial
point processes, JoV 2013

» Kiimmerer et al: Information-theoretic model comparison
unifies saliency metrics, PNAS 2015

> Kiimmerer et al: DeepGaze I, ICLR Worshop 2015

Matthias Kiimmerer, Matthias Bethge Probabilistic Evaluation of Saliency Models



Model evaluation

Information theory provides a principled and accepted way to
assess how well a model predicts the true density
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Model evaluation

» The average log-likelihood of a model is

N1
> N logplxiyi | 1)

i

for fixations (x;j, y;) on images I; and a model p(x,y | I)
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Model evaluation

» The average log-likelihood of a model is

N1
> N logplxiyi | 1)

i
for fixations (x;j, y;) on images I; and a model p(x,y | I)

» Information gain: Average log-likelihood relative to baseline

1 X 1Y
IG(BllPn) = > log p(xis yi | ;) — N > log poi(xi, i)
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Model evaluation

» The average log-likelihood of a model is

N1
> N logplxiyi | 1)

i
for fixations (x;j, y;) on images I; and a model p(x,y | I)

» Information gain: Average log-likelihood relative to baseline
1Y 1Y
IG(BllPn) = > log p(xis yi | ;) — N > log poi(xi, i)
i i

> Interpretation: In a game of 20 questions, how many
questions does the model save compared to baseline when
trying to find the location of a fixation
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Information Gain [bit/fix]
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Model evaluation
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Model evaluation
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Model A
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information gain explained




Model evaluation
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Model evaluation

2% | Saliency ma
- Saliency map

http://github.com/matthias-k/pysaliency
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Model evaluation

Resolving the metric inconsistencies
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Model evaluation

Resolving the metric inconsistencies

Q 05 A )
(8] (]
S 00 5
£ 051 £
S S
g -1.0 g
o 151 °
2 -20 4 2
© R ©
0 251 - 00 o
-304 *
-0.8 -0.4 0.0 0.4 0.0 0.1 0.2 0.3 0.4
information gain explained information gain explained

information gain explained m ib. Dy v NSS
A AUC wrt. uniform e f.b. Dy, wrt center bias * CC

AUC wrt. center bias f.b. D, wrt. uniform

Kimmerer et al., PNAS 2015

Matthias Kiimmerer, Matthias Bethge Probabilistic Evaluation of Saliency Models



Modelling

DeepGaze
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Modelling

Deep Gaze Il: Model architecture

VGG features readout network

(fixed parameters) (learned parameters)

DeepGaze I: ICLR Workshop 2015

DeepGaze IlI: arXiv 2016

deepgaze.bethgelab.org softmax
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Modelling

Analysing Probabilistic Models

stimulus with ground truth
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Modelling

Analysing Probabilistic Models

stimulus with ground truth model predictions

Lo

Matthias Kiimmerer, Matthias Bethge Probabilistic Evaluation of Saliency Models



Modelling

Analysing Probabilistic Models

stimulus with ground truth model predictions
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Modelling

Analysing Probabilistic Models
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Modelling

Analysing Probabilistic Models
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Modelling

Analysing Probabilistic Models
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Modelling

Analysing Probabilistic Models
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Modelling

Analysing Probabilistic Models
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Modelling

Analysing Probabilistic Models
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Modelling

Analysing Probabilistic Models
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Modelling

Saliency Benchmarking

» Define submission format; encourage people to hand in
probabilistic models

» Have a principled way to use different saliency maps for
different metrics, e.g.

» with/without centre bias (AUC vs sAUC)
» match empirical saliency histogramm for CC

» Evaluate information gain / information gain explained
> Publish the centre bias

» What to do about classical models?

Matthias Kiimmerer, Matthias Bethge Probabilistic Evaluation of Saliency Models



Modelling

Summary

> Phrasing saliency models
probabilistically allows to resolve the
inconsistency between different
metrics, making benchmarking more .
interpretable (PNAS 2015) G o o & o

information gain explained

02

relative performance

» By using probabilistic modeling and
optimizing for information gain, we
were able to improve the
state-of-the-art in fixation prediction
(ICLR Workshop 2015; arXiv 2016)

» Probabilistic modelling gives us new e
analysis techniques to quantify where \-.’ )
and how models fail, and to visualize @ :

the limitations of our datasets
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Modelling
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