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[1]Selvaraju et al. Grad-CAM: Visual Explanations from Deep Networks via Gradient-Based Localization. 2019.

[2] Bach et al. On Pixel-Wise Explanations for Non-Linear Classifier Decisions by Layer-Wise Relevance Propagation. 2015.

[3] Smilkov et al. SmoothGrad: removing noise by adding noise. 2017.
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[1] He et al. Deep Residual Learning for Image Recognition. 2016.
[2] Krizhevsky et al. ImageNet classification with deep convolutional neural networks. 2017.

[3] Simonyan and Zisserman Very Deep Convolutional Networks for Large-Scale Image Recognition. 2014, @ E.‘.L‘:ré';"n’mm @ DR SATALLA T ToeA § seAaT
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Mosaic dataset

Image classification dataset D is composed by a set of images I:
I = {img,,img,, ... img,, }

And a set of classes C:
C = {Clr €2y v Ck}

where n is the number of images in I, k is the number of classesin C andn = k.
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Mosaic dataset

Image classification dataset D is composed by a set of images I:

I = {imgy,img,, ... imgn}

And a set of classes C:

C ={cq,Cy, ...

where n is the number of images in I, k is the number of classesin C andn = k.

Ci}

imgq img-,
c(img,) = ¢y c(imgy) = ¢4
C1
C =10
C3

imgs
c(imgs) = ¢,

cat
dog
rabbit

img,
c(img,) = c3



Mosaic dataset

We build a set of mosaics M:
M= {m,,m,, ... m;}
where [ is the total number of mosaics in M.
A mosaic m is composed by four images:
m = {img,,img,,imgs,img,}
And characterized by a target class:
C(m) = Ctarget

While C(imgl) = C(imgz); C(imQB) F Ctarget and c(img,) # Ctarget
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Mosaic dataset

We build a set of mosaics M:

M= {m,,m,, ... m;}

where 1 is the total number of mosaics in M.

A mosaic m is composed by four images:

m = {img,,img,,imgs, img,}

And characterized by a target class:

C(m) = Ctarget

While C(imgl) = c(imgz), c(imgs) # Ctarget and c(img,) # Ctarget
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c(m) = Ctarget = Cat

C(im.gl) = C(imgz) = Ctarget = Cat
c(imgz) = dog # Ctarget
c(imgy) = rabbit # Cegrget
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Mosaic dataset

MIT67

c(m) = Ctarget = airport inside
- c(imgy) = c(imgs) = Crarger = airport inside
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Mosaic dataset

MIT67

c(m) = Ctarget = airport inside

- c(imgy) = c(imgy) = Crarger = airport inside
c(img,) = staircase # Cigrget

c(imgs) = greenhouse # Cigrget
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Mosaic dataset

MIT67
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c(m) = Ctarget = Cat

c(imgy) = c(imgy) = Crarger = cat
c(imgz) = dog # Ctarget
c(imgy) = rabbit # Ceqrget



Focus metric

Why does mosaic m belong to class ¢(m) 7
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c(m) = Ctarget = Cat

The O

explainability method is

c(imgy) = c(imgy) = Crarger = cat
c(imgz) = dog # Ctarget
c(imgy) = rabbit # Ceqrget

of the generated by the
the areas corresponding to



Focus metric

VWhy does this mosaic belong to cat class 7
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Randomization test 2o

count

1600
1400
1200
1000
800
600
400
200

Models

mean: 0.94
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. AVGGI6 pre-trained
on ImageNet and then
trained for Dogs vs.
Cats

Totally randomized
VGGE16 model.
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Winsin 5.
Second best Focus.

The best when applied to
: very accurate models.
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Remarkably well for
higher accuracy models.

Less reliable for lower
accuracy models.
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Generally, it obtains a

Focus around 50%.
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Quasi random in general.
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Dog outdoor
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Bias detection

Dog outdoor

31

Training

Train: 960 images/class
Val: 100 images/class

Min Val loss:

Epoch 19 acc: 0.8700
loss 0.3814
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Bias detection 32

Worst dog prediction h

dog: 0.5658 dog: 0.7948
\v
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Bias detection 32

Worst dog prediction

dog: 0.5658 dog: 0.7948
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o Let's build the mosaics ...
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Target class

dog
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Bias detection

Potential bias

Trees,

Meadows ...
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Potential bias
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Bias detection

Potential bias

Trees,

Meadows ...

dog: 0.998

[It is adog !
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Bias detection 34
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Potential bias
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Bias detection
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Future Work

PHASE 1
Repeat the experiment with different models.

Add other selection parameters such as the Focus

Detect different biases.
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