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Question:

learn a model machine learing

model
labeled /
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-

Figure 1: The pool-based active learning cycle.
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' Influence Functions e 5|

Given a model fg, removing a sample x from its training set will approximately
a test sample x; by

T Train
lioss (,%7) - = %VHL (f9 (x])) Hy 'VoL(fo(x)) set [ removex

Influence function

1 . . .
Hy = ~ n Vs L(fg (xl-)) is the average Hessian over all training samples.

fo : the logits output of the model <%m\tw%
Since we want to compute its ) ace
we compute the total influence as follows xota\‘“&\ue
Yiljoss (0.x;) = %Zj Vg L (TC+1(xj))T Hg 'VoL(T* (x))
fo : the task model in AL cycle ¢ + 1 (i.e. T¢*t1), 2j!joss (%) s generally ’

j :the index over the test test I1055(x, x;) could be

-Understanding Black-box Predictions via Influence Functions. ICML 2017




' AL Settings

data selection occurs in cycle ¢, and the selected data is used in cycle ¢ + 1 ,The test loss of T¢*1 is Lctz.;t

x is removed from the labeled pool and not involved in training T¢**, then the influenced test loss L'$g¢;

e+l e+l
Ltest = Liost + 2j!ljoss (x, xj)

-
= Lot + 22, Ve L (T (x)) Ha'VoL(T<H (2)) (2)

N
Since test data is unknown, computing %Zj Vo L (TC+1(xj)) H§1V9L(TC+1(x)) is intractable:

)
Ui = I LGhs +=%, Ve L (T (x;)) Hg'VoL(T<+()) I
T
< L 218V L (T4 () Hi 'WeL(TEH () I
= L55e + 21 VaL(TEH () 85 Hg VoL (T4 (7)) I
< LGhke + =1 VoL(TEH(0) - 11 By Hy VoL (T4 (%))

(3)




HEFRETMAXE &S,
' . R il V

LAde < Lbsr + 11 VL(T<H1(0) Il (4)
can be regarded as a fixed term
The upper bound of L'figz is mainly determined by || V,L(T¢*1(x)) |
However, computing || V@L(T”l(x)) | is infeasible:
- The model T¢*1 is not available
use || VoL(T(x)) Il to bound || Vo L(T*1(x))
- x does not have ground truth

LS < 55+ I VGL(Te @) 1S ol (T ()

S LC+1 1

(5)
rost T I VoL(TCCO)) 11 11 5 Hz VoL (T4 (x;)) |

Eq (5) : removing a training sample x of higher || VQL(TC(x)) | result in a higher upper-bound of L'lfg;t
So higher || VQL(TC(x)) | should be selected.
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' Computing Gradient Norm _aterias| g

Uil <Lk + 1 VoL(TH 1)) 1+ 1 2 Hg VoL (T4 () I

S L5hbr + =1 VoL(TC00) Il I 5 Hz 1 VoL (T4 (x;)) |

(5)

Computing remains challenging due to the lack of the label information

Expected-Gradnorm Scheme(N7; 7511 %%): expected empirical loss to approximate the real empirical loss:

N
Lexp(TE(0) = ) P i | DLi(T*(x), 7)
i=1

Entropy-Gradnorm Scheme (771 T-%%): the differentiable entropy of the softmax output of the network:

N
Lene(T°00) = = ) P (i | 1) logP(y; | )
i=1
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rc+1

c+1

Ltest = Ltest + % I VoL(TC** () Il | X Hg ' VoL (TC+1(Xj)) | :
S Lost + % I VoL(TC()) - 11 X Hg ' VoL (TC+1(xj)) [ o)
Derived bound is reasonable.
I VoL (T (x)) Il < Il VoL(TC(x)) Il
Cycle I 2 3 4 5 6 Cycle I 2 3 4 5 6

# 2488 | 2481 2466 2439 | 2386 | 2255

Table 4: Number of the selected samples that satisty
|VoL(TT(2))|| < ||[VoL(T(x))||. Cycle O is ignored
since right after cycle 0 model 7! is not available yet. All the
values are out of 2500, which is the number of the samples
selected in each cycle. In this evaluation (on Cifarl0), the
Expected-Gradnorm scheme is used.

# 2487 | 2477 24{67 2447 | 2388 | 2250

Table 5: Number of the selected samples that satisty
Vo L(T L (2)|| < ||[VoL(T¢(x))||. Cycle 0 is ignored
since right after cycle 0 model 7' is not available yet. All the
values are out of 2500, which is the number of the samples
selected in each cycle. In this evaluation (on Cifarl0), the
Entropy-Gradnorm scheme is used.




' Active Learning Framework

Algorithm 1: Proposed Active Learning Framework.

Input:

T task model; U: unlabeled pool; L: labeled pool; V: test dataset;
C: number of AL cycles &: number of epochs within each cycle;

L: empirical loss; K': annotation budget in each cycle; x: each
unlabeled sample;

Output:
the task model T

begin
initialize T ;
fori < 1toC do

for j « 1to & do
train 7 with L on L;

if expected-gradnorm then

compute the expected loss L., for  according to
Eq. 6}

select K samples of the highest ||V Leaxp(T(2))|
for annotation;

if entropy-gradnorm then

compute the entropy loss L., for - according to Eq.[7;
select K samples of the highest ||V g Lo (1T(2))]| for
annotation;

| update £ and U, respectively;

| return T
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' Image Classification

Performance Comparison on Cifarl0
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Performance Comparison on Cifar100
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Mcifar-10_b7&, AlL-methodsiE £k % 5 bk BV BT AEA, A58 1 RE Bk AT -

budget (%) 10 15 20 25 30 35 40

core-set (Sener and Savarese 2018) 217 230 284 339 329 289 255
vaal (Sinha, Ebrahimi, and Darreil 2019) 268 259 215 231 256 240 256
114al (Yoo and Kweon2019) 391 893 1084 1710 1698 2035 1817
sraal (Zhang et al. 2655) 506 819 1120 1765 1842 2133 2196
expected-gradnorm 703 980 1216 1942 2318 2427 2448
entropy-gradnorm 677 932 1141 1993 2317 2429 2443

Table 1: Comparison of the AL methods via the number of the selected samples (out of K = 2500) of higher gradient norm. The
Cifar10 dataset is used.

Quantitative evaluation of the Bounds in Eq.4 and Eq.5
T
LEtgr = Lybsr +=%; Vo L (T”l(xj)) Hg 'VoL(T* () 11 (3)

S Lo + =1 VoL(TGO) Il - I 55 Hg Vol (T (%)) 1 (5)

Cycle

Eq. —5 T 3 3 ;i 5 6

3 2500 2500 2500 2500 2500 2500 2500
5 2200 2377 2396 2432 2449 2438 2482

Table 2: How the samples selected by Eq. El are consistent
with that selected by Eq. 3] evaluated on Cifar10.
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Analysis

Compute four terms Expected-Gradnorm Scheme
T —— Target
. Target: ~%, Ve L (T (%)) Hg'VoL(T(x)) 0008 -
T \ — Approx-3
* Approx-1: Il Zj Vg L (TC+1(XJ-)) H9_1V9L(TC+1(X)) I 0.006 A \
T E
o Approx-2: 113V L (T (x;)) Hg'VoL(TSH () I : |
T
. 2. 1( .. -1 1
Approx-3: 15,V L (T4 (%)) Hg'VeL(TH1() I .
0 1 2 é 4 5 6
cycle
Better Genera | |Zat|0n Entropy-Gradnorm Scheme
0.225 A ~——— Target
—— Approx-1
budget (%) | 15 20 25 30 35 40 0200] \ =it
mc-dropout | 16.14 1025 947 877 824 7.35 0175 - e==fallotes
core-set 1459 1273 10.88 995 892 8.31 .
vaal 1501 1224 11.08 9.66 8.57 8.08 = RS0
114al 13.83 107 889 878 7.64 1723 ” 0125
sraal 14.09 1155 1024 862 8.01 6.94 6100 4
exp-gn 12.74 1004 8.06 7.05 6.09 5.66 '
ent-gn 13.05 9.9 776 679 629 5.65 0.075 1
0.050 +— T
0 1 2 3 4 5 6
Table 3: Gap (%) between training and test accuracy after cycle

each AL cycle, evaluated on Cifar10. Annotation budget of
10% 1is ignored since all the methods use the same randomly
selected initial data for the first cycle training.




ok

N

"
TN

)
/////

&
&%
w

\\\\\\\\\uum'
Iy

LA xS

Nanjing University of Aeronautics and Astronautics

Active label cleaning for improved dataset quality
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' Active label cleaning S

Overview of active label cleaning:

Hme D = {(x;, 1)) W0, TEVOA I ORI, b 2 1 A R A
GRS BRI AR T, GRS A £ worker BATERIE, BLI 7 VR4 IR 24400

fillworkertRic IR &
CIFARI0H: 10K MEEA, 1012, ~“FHEEMEAS 51 PN Thrie CGERIEFRIE)

Difficulty Reannotations

Dataset ranking needed

= L
N
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&$1 - Budget
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Noisy
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' Active label cleaning

Active label cleaning:

1 N N
max — ) 1|y, =vy;] st ZII 1,1, <B A 5
w2, 1= th (030, = %60 = 1)
\ J \ J
Y
Correctness of majority labels Budge constraint

Vi = argmaxcen,..oli I >If,ve # 9y, with ¥, 16 > 1
Scoring Function @&:

d(x,1;0) = CE(l pe) H(pg)

noisiness T amblgU|ty¢

CE(1,pe) = —Ez1y,[logpe(@ 1 )]

H(pg) = —Ep,5ix[logpe (¥ | X)]




' Active label cleaning
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CE:1.455, AMB:0.325 CIFARLOH Labels

Initial Label: ship

-
]
U

plane

CE:0.907, AMB:0.481 CIFAR1OH Labels

CE:1.456, AMB:0.311 CIFAR10H Labels

CE:1.592, AMB:0.188 CIFAR10H Labels

CE:0.901, AMB 0.506 CIFAR10H Labels

Initial Label: ship

CE:0.611, AMB:0.63 CIFAR1OH Labels

Initial Label: bird

CE:0.594, AMB:0.608 CIFAR10H Labels

Initial Label: deer

plane 4

CE:0.496, AMB:0.56 CIFAR1OH Labels

Sample ranking from clear label noise to difficult cases

Initial Label: dog

Initial Label: plane

CE:0.577, AMB:0.639 CIFAR10H Labels

o |

Initial Label: ship

CE:0.938, AMB:0.594 CIFAR10H Labels

CE:1.445, AMB:0.214 CIFAR1OH Labels

CE:1.172, AMB 0.344 CIFAR10H Labels

Initial Label plane

CE:0.792, AMB:0.588 CIFAR10H Labels

Initial Label: bird

CE:0.535, AMB:0.56 CIFAR10H Labels

Initial Label: horse

CE:0.616, AMB:0.64 CIFAR10H Labels

Gt

Initial Label: bird

Initial Label: cat

CE:0.562, AMB:0.608 CIFAR10H Labels

Initial Label: bird

truck




' Algorithm 1. Active label cleaning

Algorithm 1. Active label cleaning:

Given: Y = {I;}¥ : True label distributions
Input: D = {(x;,1;)}Y ,: Dataset with noisy labels

14:
15:
16:

B € IN: Relabelling budget
b € IN: Update frequency

0 < TRAINROBUSTMODEL(D)
z"a.vai] < {11 Ty N}: Icleaned — @

count < 0
while count < B do X > If budget remains
J < argmax;cr . P(x;,1;;0) > Rank (Eq. (2))
repeat
ij — ij + SAaMPLE(1,) > Acquire one-hot label

count < count + 1
until majority formed in ij
Ia.va.il — I%vail \ {j}: It::lea.ned — Iclea.ned U {j}
D «+ {(%4,1i) : © € Zavail U Zcleaned }
if count divisible by b then
0 < UPDATE(O, D) > Fine-tune model
end if
end while
return D

HIERERALS
UL RORART
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Experiment

Selector 8 F AR ic i P B FH o 1Y
Classifier 85L& H M) R 1P 15 Y
Vanilla 8% 18 [*JCNN

Table 1 Classification accuracy (%) before and after label cleaning.

Selector Scoring Classifier Before cleaning After cleaning
M Vanilla Eq. (2) Vanilla 64.1 68.4
) Vanilla BALD34 Vanilla 64.1 68.3
(3) SSL Eq. (2) Vanilla 64.1 70.9
(4) SSL Eq. (2) SSL 78.7 80.3
(5) Vanilla Eq. (2) SSL 78.7 79.4
(6) Co-teaching Eq. (2) Co-teaching 66.5 68.8
(7) - - ELR?? 67.0 -
(8) (Clean training) Vanilla 73.6 -
(9) (Clean training) SSL 80.7 -
Models are evaluated on a clean test set (N =50 k) before and after relabelling 32.7% of samples in the training set (CIFARIOH, N =5k, = 30%).




' Results

100+

981

Percentage of correct labels

90+

881

Dataset Curation - NoisyChestXray (N=13342, 12.7% noise)

96+

94

92

Oracle - AUC: 0.9461 0d.

Random - AUC: 0.8887

Coteaching - AUC: 0.9159
S5L+Coteaching - AUC: 0.9194
Vanilla - AUC: 0.9125

Vanilla (clean labels) - AUC: 0.9256

00

7
£1

L

h2

0

500 1000 1500 2000 2500 3000 3500 4000
Number of collected relabels on the dataset

b

Percentage of correct labels

100

98

96

94

92

90

88

86

84

Dataset Curation - CIFARLOH (N=10000)

O RERELS ;
. :

L RART

Nanjing University of Aeronautics and Astronautics

Oracle - AUC: 0.9504
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Fig. 3 Results of the label cleaning simulation on training datasets. a NoisyCXR (y =12.7%); b CIFAR10H (3 =15%). For a given number of collected
labels (x-axis), a cost-efficient algorithm should maximise the number of samples that are now correctly labelled (y-axis). The correctness of acquired

labels is measured in terms of accuracy. The area-under-the-curve (AUC) is reported as a summary of cleaning efficiency of each selector across different
relabelling budgets. The upper and lower bounds are set by oracle (blue) and random sampling (red) strategies. The pink curve (a) illustrates the practical
“model upper bound” of cleaning performance when the selector model is trained solely on clean labels, its performance being bound to the capacity of the
model to fit the data. Shaded areas represent + standard deviation over 5 random seeds for relabelling.




