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I Outline

« Variational Auto-Encoder (VAE)

> A Neural Net Perspective

> A Probability Model Perspective

 Variational Adversarial Active Learning (VAAL)



I VAE - A Neural Net Perspective

Encoder and Decoder
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How much information is lost?

Reconstruction log-likelihood log py(x|2)



I VAE - A Neural Net Perspective

Loss function: the negative log-likelihood with a regularizer

reconstruction loss regularizer
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I VAE - A Probability Model Perspective

The generative process

For each datapoint i:

« Draw latent variable z; ~ p(2)

« Draw datapoint x; ~ p(x|z)
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I VAE - A Probability Model Perspective

How to calculate p(z|x) ?

p(z | 2)p(z) Evidence p(z) = [p(z | 2)p(z)dz

p(z) requires exp time to compute

Bayes tells us: P(z12) =

Variational Inference

Use a family of distribution g,(z|x) to approximate the true posterior p(z|x)
q\(z | #) = argmin\KIL(qx(2 | 2) || p(2 | 7))

KL(gr(z | z) || p(z | z)) =

E,[logg:\(z | )| — E,[log p(z, 2)] + log p(z)

where



I VAE - A Probability Model Perspective

KL(gr(2 | =) || p(z | 2)) =

G oz ar( | 9] Egllogpe i+ logp(@) D LPON) = Ballogp(@,2)] ~ Byllogan(z | )
!

The Evidence Lower BOund allows us to approximate posterior inference.

The ELBO for a single datapoint

ELBO;(A) = Eqa(z | z;)[log p(x: | z)] — KL(gx(2z | @) || p(2))



I VAE - A Probability Model Perspective

The connection to neural net language

parameterize

(2 | z;) > Encoder with parameters 6
- ELBO;(0,¢) = —1(0,
parameterize (0,9) (0, 9)

p(x | 2) - Decoder with parameters ¢
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ELBO;(0,¢) = Equ(z | z;)[log ps(wi | 2)]!— KL(qs(z | :) [| p(2)),
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reconstruction loss regularizer

The probability model makes clear why these terms exist:

to minimize the KL divergence between the approximate
posterior g;(z|x) and the model posterior p(z|x).
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I Idea

Classifier Adversarial learning

D VAE fools the D to classify all
inputs as labeled
Unlabeled (0) ?
>@ Discriminator VAE and D are|learned together
Labeled (1) ?

D attempts to estimate the
probability that the data comes

' from the unlabeled data
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latent space

Unlabeled set



I Variational Adversarial Active Learning (VAAL)

The objective function of the B-VAE

cird. = Ellogpe(xr|zr)] — B Din(qs(zrlzn)||p(2))
+E[log pg(2i/|20)] — B Drwu(qs(zulxov)||p(2))

The objective function for the adversarial role of the VAE

Lyne = Loer(gs(2ler), 1) + Lee(ge(2u |2v)), 1)

The full objective function for the VAE:  Lyag = M LUNE + A\ LU

The objective to train the discriminator

Lp = Lpce(qs(zr|r)). 1)+Lece(qs(2u|zr)). O)



I Variational Adversarial Active Learning (VAAL)

Algorithm 1 Variational Adversarial Active Learning Algorithm 2 Sampling Strategy in VAAL
Input: Labeled pool (X7, Y7, ), Unlabeled pool (X¢;), Ini- Input: b, X, . X,
tialized models for 6, 6y 4. and 6 Output: X, Xy

Input: Hyperparameters: epochs, A1, Ao, a1, o, aj

1: Select samples (X) with ming{#p (=)}

I: for ¢ = 1 to epochs do 2: 1y, +— ORACLE(X,)
GO T o e T o . Yo ) (A
2 ;Sample (*I'L- .E/L-)r ~ (A-XL- L)| m|n|_ba1-ch samphng 30X+~ X U (JXS.';I,’G)
3: \SQI}]TF)_ITe:g_TT:\JT 'JXT-EJTT;T -— - '—T;l ............. - 4: “{Xrl':z'r <_ “{Xrl':z'r _ “{XFS
4: {'Compute E{}fE by using Eq. m \i 5: return X, . X,/
5:  iCompute L£{}}: by using Eq. |

I rd adv ! N1t
6: ;EVAE — Alﬁi—’AE + )\Q’CVAE : VAE Tr'a|n|n9
7. 1Update VAE by descending stochastic gradients:;
80 yap s Ovap - oaNLwe o . _
9: Lp + Lpcr(qs(z|rr)), 1) + Lacr(gs(zu|zr)), 0)1

10: :Update D by ascending its stochastic gradient:

Dis trainin
I 1: '\._ﬁfD — .HD — (T.‘EQVE[) ) 9

12:  Train and update 1
13: 9% +— O —a3VLp
14: end for

15: return Trained ¢7.6v Ar.0p

update classifier




I Experiments

Datasets

» Image Classification
» CIFARI10 and CIFAR100

> Caltech-256

> ImageNet
« Semantic Segmentation

> BDD100K
> Cityscapes



I Experiments

CIFAR10 CIFAR100
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Figure 2. VAAL performance on classification tasks using CIFAR10, CIFAR100. Caltech-256, and ImageNet compared to Core-set [40].
Ensembles w. VarR [1], MC-Dropout [13], DBAL [14], and Random Sampling.



I Experiments

48

46

Cityscapes

Top mloU = 62.95+ 0.70
o= VAAL

=== QBC

== Core-set

20 25 30
% of Labeled Data

e SA
==f== Random
sf== MC-Dropout

35 40

mloU

42.0

41.0

40.0

39.0

38.0

37.0

36.0

35.0

BDD100K

Top mloU = 44.96 +0.40 efem SA
s VAAL e Random
emf= QBC s=f== MC-Dropout
s=f= Core-set
20 25 30 35 40

% of Labeled Data



I Experiments

Ablation on BDD100K
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Dis: eliminate VAE
Fixed VAE + Dis: frozen VAE with D
VAE: eliminate D

Use 2-Wasserstein distance from
the cluster-centroid of the labeled
dataset as a heuristic to explicitly
measure uncertainty.



I Improvement

Uncertainty Tow kinds of examples will be identified:

» Examples with incorrect pseudo labels

\ » Examples with low prediction confidence
0

Unlabeled : ?
@ Discriminator
Labeled set Labeled q

Classifierﬂ/@' 1
\ [
: [CRTE

Pseudo labeling latent space

[elxeNe)

Unlabeled set



Thanks




