Active Learning in Bayesian Neural Networks
with Balanced Entropy Learning Principle

Jae Oh Woo*

Samsung SDS America

*QOpinions are my own

leom'n;; en mio-r'\s " SAMSUNG SDS

1



Active Learning (simplified)

~
O Unlabeled data pool w

O Select acquiring data points from unlabeled data pool

O Annotate ground truth labels by human

O Train neural network with labeled dataset

SAMSUNG SDS

2



Active Learning (simplified)

~
O Unlabeled data pool w

O Select acquiring data points from unlabeled data pool

O00
‘NOO
O Annotate ground truth labels by human . o

O Train neural network with labeled dataset

SAMSUNG SDS

3



Active Learning (simplified)

~
O Unlabeled data pool w

O Select acquiring data points from unlabeled data pool

O00
‘NOO
O Annotate ground truth labels by human . o

1

O Train neural network with labeled dataset

SAMSUNG SDS

4



Active Learning (simplified)

~
O Unlabeled data pool w

O Select acquiring data points from unlabeled data pool

O00
‘OO
o

O Annotate ground truth labels by human

O Train neural network with labeled dataset

SAMSUNG SDS

5



Active Learning (simplified)

~
O Unlabeled data pool w

O Select acquiring data points from unlabeled data pool

O00
‘OO
o

O Annotate ground truth labels by human

C
S
o2

O Train neural network with labeled dataset %

SAMSUNG SDS

6



Active Learning (simplified)

~
O Unlabeled data pool w

O Select acquiring data points from unlabeled data pool

R O000
D | o
O
O Annotate ground truth labels by human M .
« )
A
/
/7
/
”
- - -
O Train neural network with labeled dataset % -———"

SAMSUNG SDS

7



Active Learning (simplified)

~
O Unlabeled data pool \ e

‘\

y,

~
O Select acquiring data points from unlabeled data pool
\
000
‘OO
O Annotate ground truth labels by human . o
y
/
I /
\ g
\ _ - -
Q Train neural network with labeled dataset > -——

SAMSUNG SDS

8



Active Learning (simpliji_a_d)

~
O Unlabeled data pool w

O Train neural network with labeled dataset

SAMSUNG SDS

9



Tradeoffs

i

v" Maximize information gain

2% "

i dAdRARAN;

S

NN
v" Minimize computational cost :C | v’ Diversify the selection

i dRdRARAN;
slalsldle

SAMSUNG SDS

10



Tradeoffs

i

v' Maximize information gain

2% "

i dAdRARAN;

S

NN
v" Minimize computational cost :C | v Diversify the selection

i dRdRARAN;
slalsldle

SAMSUNG SDS

11



Tradeoffs

i

v' Maximize information gain

2% "

i dAdRARAN;

S

NN
v" Minimize computational cost :C | v’ Diversify the selection

i dRdRARAN;
slalsldle

SAMSUNG SDS

12



Tradeoffs
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[3] David A Cohn, Zoubin Ghahramani, and Michael | Jordan. Active learning with statistical models. Journal of artificial intelligence research, 4:129-145, 1996.
[4] L.C. Freeman. Elementary Applied Statistics: For Students in Behavioral Science. For Students in Behavioral Science. Wiley, 1965.

13



Tradeoffs

BADGE
BatchBALD
CoreSet

i

O O O O

v" Maximize information gain

i dAdRARAN;

W S

v" Minimize computational cost v Diversify the selection

i dRdRARAN;
slalsldle

[1] Jordan T Ash, Chicheng Zhang, Akshay Krishnamurthy, John Langford, and Alekh Agarwal. Deep batch active learning by diverse, uncertain gradient lower bounds. International Conference SAM s U N G s D S
on Learning Representations, 2020.
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Bayesian Neural Networks
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Bayesian Neural Networks

v Apply dropouts
v' Laplace Approximation
v

ese

[1] Yarin Gal and Zoubin Ghahramani. Dropout as a bayesian approximation: representing model uncertainty in deep learning. In international conference on machine learning, pp. 1050-1059.
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Bayesian Neural Networks + Beta Approximation
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Beta Distribution Approximation
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Beta Distribution Approximation
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Balanced Entropy
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Balanced Entropy

YEP,h(P) + H(Y)

—o < SalkntRisy H(Y) +log2

<1, Y = Class Label

YEP,h(P) < 0 H(Y) =0

|
v’ Continuous differential entropy ﬁg i; ?ﬁ v’ Discrete Shannon entropy

|
v Model confidence : v’ Label uncertainty U | D D |

GAVNANAY BalEntEx]TO I I I U U
. O10|]

v Expected estimation
error probability

after acquisition SAMSUNG SDS

32



Balanced Entropy

YEP,h(P) + H(Y)

—o < SalkntRisy H(Y) +log2

<1, Y = Class Label

YEP,h(P) < 0 H(Y) =0

|
v’ Continuous differential entropy ﬁg i; ?ﬁ v’ Discrete Shannon entropy

|
v Model confidence : v’ Label uncertainty U | D D |

GAVNANAY BalEntEx]TO I I I U U
. O10|]

v Expected estimation
error probability

after acquisition SAMSUNG SDS

33



Balanced Entropy

YEP,h(P) + H(Y)
H(Y) +log2

—oo < BalEnt[x]: = <1, Y = Class Label

YEP,h(P) < 0 H(Y) =0

|
v’ Continuous differential entropy ﬁg .i; ?ﬁi v’ Discrete Shannon entropy

|
v Model confidence : v’ Label uncertainty U | D D |
AN |

Ol101I!I

BalEnt x| =0

v Expected estimation
error probability

after acquisition SAMSUNG SDS

34




Balanced Entropy
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Balanced Entropy Learning Principle

Decision Boundary
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Balanced Entropy Learning Principle

[1] Yinglun Zhu and Robert Nowak. Efficient active learning with abstention. Advances in Neural Information Processing Systems, 2022b.17 SAM s U N G S D s
[2] Yinglun Zhu and Robert Nowak. Active learning with neural networks: Insights from nonparametric statistics. Advances in Neural Information Processing Systems, 2022a.
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Conclusion

v’ Balanced Entropy provides a novel way to quantify the uncertainty in active learning
v Not maximal information gain, but sufficient to achieve superior performance than others
v'Linear computational time complexity
v" Diversified selection

v" Balanced Entropy comes from the joint entropy formulation between the model and the label
v’ It quantifies the estimation error probability after acquisition under entropy precision

v Look forward to having further applications beyond active learning
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