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what’s about

for a given test point prediction, select representer points in
the training set which can explain the predictions



Representer point

®: model

®: parameter of model
X;: testing data

L: loss

f;: feature of training data
f+: feature of testing data

Prediction of test data
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similarity

Decomposition
by theorem

a;: importance of i-th
data on the parameter

k(x:, x;, a;): representer
value for x; given x;, k;
represents x;’s impact on
classj



Dataset Debugging
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40 percent of the data has the label flipped.
find mislabeled data, retrain.



Excitatory(positive) and Inhibitory(negative)
Examples

Ours Influence Function
test id3092 T - ’
grizzly bear predicted as train id13033 train id12728 train id12742 : train id12866 train id13033 train id13155
grizzly bear grizzly bear predicted as grizzly bear predicted as grizzly bear predicted as ' grizzly bear predicted as grizzly bear predicted as grizzly bear predicted as
] grizzly bear grizzly bear grizzly bear ' grizzly bear grizzly bear agrizzly bear
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train id21249 train id1228 train id20730 : train id21249 train id5484 train id2556
Grizzly b ear: polar bear predicted as beaver predicted as pig predicted as . polar bear predicted as cow predicted as buffalo predicted as

' polar bear beaver . polar bear cow buffalo
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NEGATIVE Example

NEGATIVE Example

NEGATIVE Example
NEGATIVE Example

NEGATIVE Example
NEGATIVE Example

beaver: 3oJE

Postive: similar and same label
Negative: similar but different label



Excitatory and Inhibitory Examples

test id5727
rhinoceros predicted as
rhinoceros

train id23304
rhinoceros predicted as

rhinoceros
£,
[=%
£
©
x
w
wl
=
=
el
o
a.
train id8471
elephant predicted as
elephant

NEGATIVE Example
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train id23687
rhinoceros predicted as
rhinoceros

POSITIVE Example

train id29490
zebra predicted as
zebra

NEGATIVE Example

train id23336
rhinoceros predicted as
rhinoceros
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train id8518
elephant predicted as
elephant

NEGATIVE Example

train id19539
ox predicted as
cow

POSITIVE Example

train id19293
ox predicted as
oX

NEGATIVE Example
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train id19684
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train id4642
cow predicted as
oX

NEGATIVE Example

train id19525
ox predicted as
cow

POSITIVE Example

train id19611
ox predicted as
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Misclassified Examples

test id7
predicted as deer
true label is antelope
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train id29372
predicted as zebra
true label is zebra

train id688 train id8090
predicted as deer predicted as elephant
true label is antelope true label is elephant

train id29208
predicted as zebra
true label is zebra
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All of these pictures have deer,
but labeld different class
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Dictionary Learning

Given the input dataset X = [x; ...xg], x; € R%, we wish to find a dictionary D €
R*™:.D =[dy,d, ...d,], and a representation R = [ry,75 ...7%], Ij € R™ such that both
|x; — Dr;||% is minimized and the representations r; are sparse enough.

This can be formulated as the following optimization problem:

K

argmin 3" l; — Drs 2 + Al lo.
DeCrieR™ ;4

We want to use less data to learn dictionary



Score function

Err: g]( @ O) _ HDT(O (z)H
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SalMap: g]( @ , X )) SaliencyMap(x®)

From other papers



Selector function

BySum: f,,; = top n elements of Z g;'.
j=1
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ByElement: f;,; = {top k elements of g]' j€l..n}
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Distance from true dictionary
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robustness

SNR: signal to noise ratio (10log;o(2X*/o?)
k: number of nonzero elements

n/N: ratio of selected examples to the original training
set

K: number of dictionary elements
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Algorithm is robust



