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acquire those that have the highest probability of making wrong predictions.

Not a probability
distribution that
can be modelled
directly

p(y # y|x)

N, : the number of classes

p(:yn) : p(y — ?’l)

N

Py #£T%) =1-p(y=3%) =1— 3 p(yn, Tulx)

n=1
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.p(Jn|yn )}()(X"yn) (Un)

p(yﬂﬁ ijﬂ, ‘X) — N
Zﬂ,;l p(X|yn )p(yn)

we assume that the probability of a model making a mistake is highly related to the label.

p(yn ‘ % )p(X|§T1 )p(%) 1. the probability of a model

p(ym gﬂ |X) ~ N A~ ~ making mistake based on label
Z’rlil p(xlyn )p(yn)

2. the likelihood of a sample
given predicted label

p(y Iy )D(X[Yn )P (Yn)
p(y # J‘X ~ 1 - Z N - —. 3. the prior on the distribution
n=1 n— 1 I)(le"rb)f)(y"fb) of predicted labels

Represents how imbalanced the predictions of a model are.
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' Estimating probabilities with regularized VAE (1) -9

Likelihood of a sample — p(x|y,,)

In more detail, if we denote the 7-th embedding dimension
of VAE as z; and write j € (), to denote dimension j is
related to class n, we write this absence condition as

- 4T
~ - 2 2 > 6
y = argmin E 27, E 23, E =2 . (©)
' | jeCh JeCs J€CN, |
T ;
Letw = [wy, wy, ..., w,] , where w, = . 25

Lclass = H (softmax (—w) ,y)
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Lvag = _Ez~q¢(2|x) [ngpg(X‘Z)] + Dk (th' (le) ” p(Z)) — p(xlgﬂ)

L = Lyag + ALClass
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' Estimating probabllltles with regularized VAE (2) =19

We use the labels given by the VAE for the data samples in the labelled pool Pr

Exepy amqszix) [0 (¥, 7, n)]

B Y

ExEPL,ZNQ¢(Z|x) [(5 (y“)" n)]

p(ynlgn) ~

an indicator function 6 : 1 1f all inputs are equal and O otherwise

p(Yn) = ExE’PLaZ’V%(ﬂX) [5 (@\(E) ’ n)]
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Algorithm 1: Proposed Method

Input: PO PO N M

r = 0 while not at the maximum round do ) = Exepy zmgy(zix) [0 (¥, 7, n)]
Train M using Pf) Plulthn) = Exepy zmgy(zx) [0 (59, n)]
Freeze M

Train the VAE module using Péﬂ ) by Eq. (9)

Estimate p(x|y». ) by Eq. (8)
Estimate p(y»|y») by Eq. (10)
Estimate p(7,,) by Eq. (11) p(Tn) ~ Bxep, amqs(zx) [5 (yﬂ(ﬂj ﬂ”
Estimate p(y # y|x) by Eq. (2)

X < N, samples with the highest uncertainty

PSH) — P{(jﬂ — X

Lvag = —Eyq, (z)x) [log po(x|2)] + D1 (g4 (2]x) || p(2))

(r+1) (7) Al
Pr P UX Py # 9%) = 1—ply = 5ix) = 1= 3 py, Glx);
r<—rnr+1 n=1

end
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Figure 1. Class matters
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Figure 3. Results for the dominant, rare, and full datasets.
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PR o CIFAR-10 CIFAR-10+11]

P(y P(yly) avg. final avg. final
- - 82.56% 88.66% | 48.02% 60.13%
v - 82.91% 90.68% | 54.23% 70.25%
- v 82.71% 90.51% | 51.86% 65.98%
v v 83.36% 91.12% | 54.16% 70.35%

Table 1. Validity of the prior p() and label difficulty p(y|y).
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Figure 5. Results of ablation tests on dominant CIFAR-10.
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Conclusion bl ieadh

We have proposed a novel active learning method that
incorporates class imbalance and label difficulty.

We have shown that this creates a significant difference for a real-
world dataset that exhibits data imbalance, as well as in cases
when data imbalance is introduced to CIFAR-10 and CIFAR-100

datasets.
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