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Motivation

Based on theoretical works on margin theory for active learning, we know that such examples may

help to considerably decrease the number of annotations.

However, it requires computing the distance between a sample and the decision boundaries which is

not tractable when considering deep networks.
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DFAL:Deep-Fool algorithm
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Figure 2: Adversarial examples for a linear binary classifier.
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Vectorization:

Linear algebra:




DFAL:Deep-Fool algorithm

Algorithm 1 DeepFool for binary classifiers

I: input: Image x, classifier f.
2: output: Perturbation 7.

3: Imitialize &g + x, 1 < 0.

4: while sign(f(x;)) = sign(f(xo)) do
5: r; & — f(zi) 2 Vf(:llz),
6 2
7
8
9

|V f(x;)]
;41 < x; + T4,

72— 1+ 1.
- end while
 returnr = ) ;.




DFAL:Deep-Fool algorithm

Algorithm 2 DeepFool: multi-class case

input: Image x, classifier f.
output: Perturbation 7.

Initialize g <+ x, 7 < 0.

for k # k(xo) do

wy, = V(@) =V fi (4 (@)
fio = fr(@i) = fi (o) (@)

l:
2:
3
4-
s: while k(x;) = k(x;) do
6
7
8
9

end for
f:L
10: [+ argmmk#k(m ) Twlllz
11: Ti — | fr|||2 T_.UA
2
12: Tit1 \L :15'@+'rI
13: 14— 1+ 1

14: end while
15: returnr = ) . 1;




DFAL:Deep-Fool algorithm

Three advantages of Deep-Fool algorithm :

e itis hyperparameter free (especially it does not need target labels which makes it more compliant with
multi-class contexts);

* it runs fast;
* itis competitive with state-of-the-art adversarial attacks.
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DFAL:Active select strategy

Active select strategy
e select unlabeled samples with the smallest adversarial perturbation

e add both the less robust unlabeled samples and their adversarial attacks
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DFAL:Active select strategy

Algorithm 1 DFAL: DeepFool Active Learning

Require: £ set of initial labeled training examples
Require: U set of initial unlabeled training examples
Require: 7 set of hyper-parameters to train the network
Require: K the number of candidates

Require: n,,.,, the number of data to query

Require: p: the L, norm used (p = 2)

Require: N: the number of data to label

# 1nit the training set

k=0
;C[]:f/
Up=U

while k<N do

# Train the network A; given the current labeled train-
ing set
Aj=training(H, L;.)
# Select randomly a pool of data Sy of size K
S;c QZA’;C; | Sk |: K
for z; € S, do
#compute adversarial attacks with L, norms
r; + DeepFool(xz;, Ap;p)
end for
# query the labels of the ngyery-th samples Qp owing
the smallest L,, norm perturbation
indexy, < argsort(< ri,r; >, i =1..K)
Ok + {x; | § € indexi[0 : ngyery|} Uiz + 75 |
j € index[0 : ngyeryl }
Lry1 < Lp U Qx
Upt1 < Uy \ Qu

end while




Experiments

Accuracy (%) Accuracy (%) Accuracy (%)
# annotations | 100 500 800 | 1000 | All | #annotations | 100 500 800 | 1000 | All | #annotations | 100 500 800 | 1000 | Al
DFAL 82.77 | 96.23 | 97.71 | 98.02 - DFAL 04.62 | 98.50 | 98.98 | 99.10 - DFAL 82.56 | 89.63 | 90.72 | 91.09 -
BALD 51.88 | 91.96 | 93.69 | 9424 — BALD 03.10 | 97.95 | 97.95 | 97.95 - BALD 72.65 | 87.18 | 88.34 | 8845 -
CEAL 71.81 | 94.81 | 96.77 | 97.33 — CEAL 84.65 | 98.50 | 99.00 | 99.12 - CEAL 70.46 | 87.04 | 88.31 | 89.39 —
CORE-SET | 78.86 | 96.52 | 97.53 | 98.03 - CORE-SET | 92.50 | 98.75 | 99.07 | 99.25 - CORE-SET | 79.58 | 88.93 | 90.54 | 90.53 -
EGL 58.44 | 73.86 | 78.57 | 78.57 — EGL 75.07 | 9547 | 9547 | 9547 - EGL 57.48 | 64.05 | 64.05 | 69.85 -
uncertainty 57.96 | 92.52 | 94.84 | 96.41 — uncertainty 95.78 | 98.35 | 98.85 | 98.98 - uncertainty 69.24 | 86.80 | 88.54 | 89.09 -
RANDOM 77.56 | 92.83 | 94.63 | 95.31 | 99.04 | RANDOM 05.50 | 98.07 | 98.07 | 98.07 | 99.70 | RANDOM 78.09 | 87.03 | 88.98 | 89.42 | 95.46

(a) MNIST (LeNet5 ) (c) Shoe-Bag (LeNet5 ) (e) Quick-Draw (LeNet5 )

Accuracy (%) Accuracy (%) Accuracy (%)
# annotations | 100 500 800 1000 All | # annotations | 100 500 800 1000 All # annotations | 100 500 800 1000 All
DFAL 84.28 | 96.90 | 97.98 | 98.59 — DFAL 87.73 | 98.53 | 99.30 | 99.50 - DFAL 84.23 | 91.52 | 93.16 | 93.91 -
BALD 53.73 | 91.47 | 94.32 | 9432 - BALD 86.78 | 95.35 | 97.83 | 97.83 — BALD 82.00 | 89.94 | 91.92 | 92.87 -
CEAL 50.87 | 90.69 | 90.69 | 90.69 - CEAL 84.20 | 98.78 | 99.25 | 99.52 - CEAL 64.45 | 79.66 | 85.73 | 88.65 —
CORE-SET | 78.80 | 96.68 | 97.46 | 97.88 - CORE-SET 0.50 | 99.12 | 99.12 | 99.12 — CORE-SET | 66.71 | 89.93 | 92.28 | 92.62 -
EGL 37.92 | 91.84 | 93.99 | 93.99 - EGL 0.50 | 97.28 | 97.28 | 97.28 - EGL 63.12 | 86.80 | 90.06 | 90.06 -
uncertainty 45.57 | 88.36 | 94.27 | 94.60 — uncertainty 83.75 | 8375 | 83.75 | 83.75 — uncertainty 52.77 | 88.05 | 89.31 | 91.03 -
RANDOM 69.79 | 91.96 | 94.05 | 9446 | 98.98 | RANDOM 86.78 | 95.83 | 97.08 | 97.08 | 99.50 | RANDOM 78.28 | 88.13 | 89.71 | 89.94 | 96.75

(b)y MNIST (VGGS )

Table 1. Test accuracy achieved by 7 active learning techniques for

(d) Shoe-Bag (VGGS )

(f) Quick-Draw (VGGS )

different number of annotations on LeNet5 and VGGS .
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(a) MNIST (LeNet5 )

Figure 2. Evolution of the test accuracy achieved by 7 active learn-
ing techniques( DFAL , BALD , CEAL , EGL , uncertainty and

(b) MNIST (VGG )
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(e) Quick-Draw (LeNetS ) (f) Quick-Draw (VGGS )

Figure 2. Evolution of the test accuracy achieved by 7 active learn-
ing techniques( DFAL , BALD , CEAL , EGL , uncertainty and
RANDOM ) given the number of annotations



Experiments

Accuracy = 99.04 % Accuracy > 98.98 %
# annotations | # labeled data # annotations | # labeled data
DEAL 1210 2410 DFAL 980 1950
CORE-SET 1810 1810 CORE-SET 1270 1270
CEAL =6000 =6150 uncertainty 2800 2800
(a) MNIST (LeNet5 ) (b)) MNIST (VGGE )
Accuracy = 99.70 % Accuracy > 99.50 %
# annotations | # labeled data # annotations | # labeled data
DEAL 1070 2130 DFAL 530 1050
CORE-SET 860 560 CORE-SET 400 400
CEAL 1130 19157 CEAL 580 705
(c) Shoe-Bag (LeNet5 ) (d) Shoe-Bag (VGGS )
Accuracy > 95.46% Accuracy = 96.75%
# annotations | # labeled data # annotations | # labeled data
DEAL 7470 14930 DFAL 4810 9610
CORE-SET =8590 =8590 CORE-SET =6750 =6750
uncertainty =10590 =10590 BALD 3590 5590

(e) Quick-Draw (LeNet5 )

Table 2. Comparison of the number of annotations and effective
data required to achieve the same test accuracy on LeNet5S and
VGG as the accuracy obtained on the full training set (4= 0.5).
We considered DFAL against the active methods achieving best

accuracy on 1000 samples.

() Quick-Draw (VGGE )




Experiments

DFAL CORE-SET CORE-SET
(with regularisation) | (no regularisation)
second | 126.54 891.78 784.99

Table 3. Average runtime of DFAL and CORE-SET on MNIST :
| £ |=100, | U |= 800, nguery = 10
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Figure 3. Evolution of the test accuracy for (Shoe-Bag , VGGS8 )
trained with different labeled training set: we compare the effi-
ciency of DFAL and CORE-SET built on LeNet5 and transfered
on VGGS8 . The data selected by DFAL for LeNet5 achieve bet-
ter test accuracy than the data transfered from CORE-SET . At
1000 samples, they converge to similar test accuracy than the data
specifically designed for VGGS .



Experiments

DFAL | CORE-SET | RANDOM
LeNetd — VGGE | 97.80 96.90 94.46
VGGE — LeNetd | 97.93 97.40 95.31

(a) MNIST

DFAL | CORE-SET | RANDOM
LeNet5 — VGGE | 92.87 91.06 890.94
VGGE — LeNetd | 89.23 80.41 89.42

(b) Quick-Draw

DFAL | CORE-SET | RANDOM
LeNet> — VGGE | 99.40 99,12 97.08
VGGE — LeNetd | 98.75 98.50 98.07

(c) Shoe-Bag

Table 4. Comparison of the transferability of DFAL and CORE-
SET with 1000 annotations



