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Figure 1: On-line learning scenario with noisy labels: data streams, classifier, and strong/weak
labelers
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 The objective is to train a classifier in the presence of noisy labels
considering these two labelers with a limited budget B per batch
for labeling to achieve a certain level of accuracy.

* Duolab consists of the four stages of filtering, clustering, ranking
and labeler selection.




' Filtering: Identifying the Suspicious Data s Qg

* The first step of DuoLab is to identify the suspicious data samples that
might have corrupted labels.

We consider the samples that have §j; = ¢; or > = §; to be clean

clean set C' = {(x5,y;)}

suspicious set U = {(x%,7;)}




§ Clustering: Adding Diversity _tasaniss| Qg

* Only relying on the informative sample selection may result in selecting
similar samples that would cause a waste of the labeling budget.

* Next, we select the k most informative samples of each cluster using
active learning as explained in the next section, and discard the rest.
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Best-versus-second-best (BvSB)

I(Xj) — Pbest (Xj) — Psecond—best (Xj) 1

The informativeness of Xj I




J Labeler Selection: Cost Optimization i sl

Cost Sensitive Labeler Selection Function

v

Ly (t) = ) p(xu,y) log(p(xs,5"))
4 )
O(x") Ly (t)

J I(x")cEg(t
) (x})eEs(t)

Ew(t) + ¢ES(t) < B
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Algorithm 1: Algorithm of DuoLab: filtering, clustering, labeler selection, and training

Input :Initial dataset DT , Data batches D, weak labeler W, strong labeler S, cost of strong labeler c,
maximum number of weak queries per sample w, budget B, clustering parameter ¢
Output : Training set C' for the classifier €

1 Train € with D'
2 foreach arriving D = {(x;,9;)} and each (x;, ;) do

y | if(g; = g;) or (3 = g;) then

4 | C= {(Xﬁ,yj),XE =X } #fclean set
5 else

6 | U= {(X}"‘,@j),x;‘ 1=Xj} #suspicious set

7 Apply Kmeans clustering on U.

k

s From each cluster select the most informative £ samples and add to K' = {(x;,

9 for x; in K where 1 is the informativeness index do

J;)}. #Discard the rest

10 w =10

1 if (Q > Q)and (Ew (t) + cEs(t) + ¢ < B) then

12 Query S, update I¥s and )

13 Add x; to C

14 else if (Fyw(t) + cEs(t) + 1 < B)and (w < w) then
15 Query W based on €2, update Eyy and Q, w = w + 1
16 if (The answer is "Yes") then

17 | Addx;toC

18 else

19 | Go to step 14

20 else

21 | Discard x;
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Noise 30% 60 %

Method ¢ | Acc(%) mno.S no. W TP(%) FP(%) || Acc(%) mno.S no. W TP(%) FP(%)
DuoLab 2 76.13 220 57.0  61.43 3.81 6944 384 630 3357 7.84
DuoLab 10 75.45 4.7 525  60.90 3.80 67.42 9.8 51.8 3295 7.71

DuoLab + Kmeans 2 7599 153 67.1  61.26 3.66 68.61 21.5 78.7  33.38 7.84
DuoLab + Kmeans 10 75.33 4.1 56.1  60.70 3.78 67.53 21.5 7877  33.38 7.84

Only & 10 7496 250 - 60.80 3.78 66.84 25.0 - 32.84 7.81
Only W - 75.11 - 67.6  60.87 3.84 68.93 - 89.5  33.53 7.75
Clean All Suspicious || - 71.26 343.2 - 61.72 3.91 75.71 - 5751  35.03 7.46
No AL(only Filter) - 73.60 - - 60.77 3.78 63.34 - - 32.26 8.11
Opt Filter - 77.78 - - 70.00 - 72.56 - - 40.00 -

No Filter 10 62.21 7.3 96.7 - - 36.91 17.7 242 - -
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' Experiments

Noise 30% 60 %

Method ¢ | Acc(%) no.S no. W TP(%) FP(%) || Acc(%) mno.S no. W TP(%) FP(%)
DuoLab 5 39.07 333  102.1 32.18 0.44 34.45 440 1719 17.21 0.97
DuoLab 25 39.27 7.3 1027  32.57 0.45 34.14 8.9 1742 17.65 0.90

DuoLab + Kmeans 5 38.45 16.9 105.1 33.14 0.49 34.35 17.3  190.8 17.65 0.97
DuoLab + Kmeans 25 38.98 4.0 1005 3230 0.49 32.92 4.0 181.4 17.11 0.97

Only § 25 39.57 90.0 - 33.14 0.47 33.13 90.0 - 17.12 0.95
Only W - 38.25 - 1059  32.83 0.48 32.94 - 1922 17.12 0.99
Clean All Suspicious || - 49.05 5085.4 - 4091 0.45 49.53 6829.6 - 23.38 0.74
No AL(only Filter) - 38.08 - - 32.63 0.44 32.32 - - 16.18 0.98
Opt Filter - 42.28 - - 70.00 - 37.33 - - 40.00 -

No Filter 25 30.86 112.0 - - - 13.19 112.0 - - _
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' Experiments

Table 3: The accuracy of DuoLab and the noise re-
silient baselines for CIFAR-10 and CIFAR-100 with

30% noise.
Accuracy (%)

Method CIFAR-10 | CIFAR-100

DL 52.77 11.55

& | Forward 59.94 25.56

< | Co-teaching 61.52 29.41

éé Bootstrap soft 48.95 23.35
Bootstrap hard 419.61 24.02

= DuoLab (¢ = 2, 5) 76.13 39.07

© | DuoLab (¢ = 10, 25) 79.45 39.27
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' Active label cleaning
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Fig. 1 Overview of the proposed active label cleaning. A dataset with
noisy labels is sorted to prioritise clearly mislabelled samples, maximising
the number of corrected samples given a fixed relabelling budget.
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' Active label cleaning sl

N N
1 ) )
max N i_E 1 1[3/@ = yz] S. 1. i_E 1”&”1 < B, (1)

g
Y Y

correctness of majority labels budget constraint

~

O(x,4;0) = CE(0,pg) — H(pe) - )

noisiness T ambiguity |




l Active label cleaning

Sample ranking from clear label noise to difficult cases

CE:1.455, AMB:0.325 CIFAR10OH Labels

Initial Label: ship
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CE:1.456, AMB:0.311 CIFAR1OH Labels
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Initial Label: bird

CE:0.594, AMB:0.608 CIFAR10H Labels

Initial Label: deer
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Initial Label: horse
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CE:0.562, AMB:0.608 CIFAR1OH Labels

Initial Label: bird

plane
car
bird
cat
deer
dog
frog
horse
ship
truck
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Table 1 Active label cleaning

Given: Y = {¢;}V : True label distributions

Input: D = {(x,,%;) N | : Dataset with noisy labels
B € IN: Relabelling budget
b € IN: Update frequency

1: 6 < TRAINROBUSTMODEL(D)
2: Iava,il — {11 <oy N}: Iclcancd — 0
3: count + 0O

4: while count < B do ) > If budget remains
5: j < argmax;c7_ . P(xi,£;;0) > Rank (Eq. (2))
6: repeat

) 7: 0 < ; + SAMPLE(¢;) > Acquire one-hot label
8: count <—count+1
9: until majority formed in ¢;

10: Iavail — Iavail \ {3}) Iclcancd — Iclcancd U {3}

11: D <« {(Xi: é%) RS Iavail U Icleaned}

12: if count divisible by b then

13: 0 < UPDATE(0, D) > Fine-tune model
14: end if

15: end while

16: return D




THANKS




