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Goal: query less for more.
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I Introduction PEIFNP_E

training
> Model

‘ May not
N query (O select available
«—— (O () «—| Unlabeled due to the

privacy or
exorbitant
price.

- J

i A hospital may only have around a hundred

. historical records of pre-surgical CT scans of
|
' aortic stenosis over the years.
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« Propose a generative invertible network (GIN) to
generate images with small training data.

« Propose an active sampling method to select
informative features from the embedded feature space.

« Conduct experiment on a real aortic stenosis dataset to
demonstrate the superiority.
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 Further learn a encoder to inversely map the
images to the latent feature vectors (for AL).

Real

min Bx, | E(X) — fll;, | Feature 1

E()

However, the difficulty is that the feature
f for the actual image X is unknown

4

E(-) = argmin Eqy/|| B(G(u)) — ul3,
E() GIN !

Image
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Theorem 1. Denote the target distribution measuring as X on
image space { X, B|X]|}. Assume the generator G(-) is obtained by
(3) with the training error < e and encoder E(-) is obtained
by (5) with the training error < §. If both G(-) and E(-) are
Lipschitz-L continues, then the reconstruction error E,.y
(G(E(x)) — x| can be bounded by (L* + L + 1)e + LS.

min max Bo.x, [D(x)] = Eyay[D(G(u))], (3)
E(:) = argmin E,y||E(G(u)) — ul|3, (5)
Q)

—
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 Notations

for any fo € F where F = [—1,1]" isthe feature space.

For any input image X, € X , let %o = C(Xp) where C(-) : X — [0, 1]K

IS the classifier trained with the limited real data

« Entropy definition

M)~

H(Xo) = — > wyolk]log (volk]),

k=1
- Entropy for synthesis images

K

h(fo) = H(G(fo)) = = > E(G(fo))[Flog (E(G(fo))[k]). (D

k=1

—
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« Select uncertain features

fl m ar}%mln dZSt(Fm? Mh) where fi:m — {f;}?;l
1:m

The entropy Ah(:) : F — [0, log K| can also be viewed as a
(unnormalized) probability density on the measurable space
{F, B|F]}. We denote this uncertainty measure as p,,.

« Take the energy distance

D*(F,G) =2E|X - Y| -E|X - X'| -E[Y - Y| >0,

m m

min 3 By 1] - m——TTnf fillo

Lm 1= 3—1 J=1

—
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 Incorporate the real images

m m-+n m-+n ||fl ff”g
min Yy By, || f] Z Z (10)
Y~} ]
i:-m. 1=1 | m + n
actual images with indies : =m +1,...,m + n.

« Generate images with G(f")

- labeling by an oracle

—
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I Overall framework PEIFNP_E

Feature Image Label

p3pnQg |PNMIY

p30Q [ONUIA

Step3 > GC) in Labeling :

D I

Improved Train
model =

Fig. 2. The proposed three-step framework AISEL to efficiently sample
AISEL dataset and improve classification.
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« Toy Computer Vision Applications (Fashion and
MNIST datasets). Visualization of image synthesis

ff:iLLU%U‘ﬁTHi"%L'I'EﬁHn*H

« 400 data is X
available G(E(X))

for training  BiGAN

Data

ACGAN
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 Visualization of image synthesis
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ACGAN

BiGAN
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 Visualization of active sampling (Fashion dataset)

(a) Actual (b) Actual + AISEL

Note that the labels are obtained
by the oracle model (using all
60,000 training data and
WideResNet architecture)

AL method select data by uncertainty.
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« The Classification Accuracy on Fashion and MNIST

( Finetune 4 Augment A 4 Random h
pretrained training data sampling
ResNet18 with generated features for
R(ImageNet) \ images %age synthesis /
) A / /
Native (400) Transfer ACGAN Rand (+400) Rand (+5000)
Fashion 72.8% 74.3% 72.3% 76.4% 80.7%
MNIST 88.2% 87.4% 85.9% 90.2% 91.6%
[ Query by ] [ . ]
) Use real images
uncertainty
N N~
AISEL (+400) AL (+400) Oracle (800) Oracle (all)
Fashion 81.9% 78.2% 81.3% 96.7%
MNIST 91.2% 90.4% 91.3% 99.2%
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« The visualization on aortic stenosis dataset

« 168 CT scan data. 75% for training.

. mAEnaEon

SOANENON
aRanQgdan

s

mmﬂlq Q




BEIUHAIS LTS5

PAttern Recognition and NEural Computing

I Experiments Par'NP_E

« The Classification Accuracy on aortic stenosis dataset

Native Model (126) Randomly Generated (+1134)
Fold  Accu. Sens. Spec. F1 Accu. Sens. Spec. F1
1 6429 5217 7895 6154 69.05 60.87 7895 68.29
2 56.96 47.26 66.67 48.605 6429 6190 66.67 60.00
3 57.14  50.00 63.64 52.63 7143 5294 84.00 58.82
4 59.52  55.00 63.64 5641 6429 60.00 68.18 60.00

Ave 59.48 51.11 6823 5481 6727 5893 7445 61.78

AISEL (+1134) Randomly Generated (+10000)
Fold  Accu. Sens. Spec. F1 Accu.  Sens.  Spec. F1
1 7619 7391 7895 7442 7857 7826 7895 77.27
2 73.81 7619 7143 7143 7619 7143 8095 73.17
3 80.95 7647 8400 7692 8571 8235 88.00 82.05
4 7143 7500 68.18 69.77 73.81 70.00 77.27 70.00

Ave 75.60 7539 7564 7314 7857 7551 8129 75.62

—
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I Conclusion Par'NP_E

« This paper proposes an active image synthesis method
to generate informative images.

- Propose a generative invertible network (GIN) to
generate images with small training data, and map the
real images to the latent features.

« Propose an active sampling method which considers
both uncertainty and diversity (by energy distance) to
select informative features for image generation.

—
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