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hepatotoxicity may cause serious damage to the liver.”
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“Microcystins [..] are cyanotoxins and can be very

toxic for plants and animals including humans. Their
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Autonomous surface vehicle developed by the Autonomous Systems Lab of ETH

www.limnobotics.ch
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Take measurements on a vertical transect of the lake
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Original algae concentration measurements (~ 2000)
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Interpolated algae concentration field
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Focus on accurately estimating regions of “high” concentration (e.g. > 7)
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Classify transect into a super- and a sublevel set
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Pose as a sequential decision making problem (pool-based active learning):
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Pose as a sequential decision making problem (pool-based active learning):
> No measurements available in advance, just a set (pool) of possible
sampling locations (D)
At each iteration t > 1:
> Decide where to measure next (x; € D)
» Obtain noisy observation (y, = fix;) + n;)
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Pose as a sequential decision making problem (pool-based active learning):
> No measurements available in advance, just a set (pool) of possible
sampling locations (D)
At each iteration t > 1:
> Decide where to measure next (x; € D)
» Obtain noisy observation (y, = fix;) + n;)

» Update our classification estimate
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1. How do we estimate the underlying function from measurements?
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How do we estimate the underlying function from measurements?
How do we classify?

Each measurement is expensive (time, battery power).
How do we select “informative” measurements?
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. How do we estimate the underlying function from measurements?
. How do we classify?

Each measurement is expensive (time, battery power).
How do we select “informative” measurements?

Gaussian processes to the rescue!
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Gaussian processes

» Mean and variance estimates: construct confidence intervals C(x)
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The Level Set Estimation (LSE) algorithm

Input: sample space D, threshold level h
Output: predicted super- and sublevel sets
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The Level Set Estimation (LSE) algorithm

Input: sample space D, threshold level h
Output: predicted super- and sublevel sets

while 3 unclassified points in D do

end while
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The Level Set Estimation (LSE) algorithm

Input: sample space D, threshold level h
Qutput: predicted super- and sublevel sets

» Monotonicity of

1. confidence intervals
2. classification
while 3 unclassified points in D do
for all unclassified points x € D do

end for

end while
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The Level Set Estimation (LSE) algorithm

Input: sample space D, threshold level h
Qutput: predicted super- and sublevel sets

» Monotonicity of

1. confidence intervals
2. classification
while 3 unclassified points in D do
for all unclassified points x € D do

» Relax classification rules by an
accuracy parameter €

end for

end while
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Theorem (Convergence of LSE)

Forany he R, § € (0,1), and € > 0, if B; = 2log(|D|7?#2/(66)), LSE terminates
after at most T iterations, where T is the smallest positive integer satisfying

T G
— 2 —>;
Bryr — 4e?
where C; = 8/log(1 + 0~ 2).
Furthermore, with probability at least 1 — §, the algorithm returns an e-accurate
solution, that is

Pr {maxéh(x) < e} >1—.
xeD
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Theorem (Simplified)
If we choose 3 appropriately (large enough), then:
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Theorem (Simplified)
If we choose 3 appropriately (large enough), then:

» LSE terminates after a number of iterations T

1. smoother kernel = T |
2. 01 =T1
3.et=TJ

» The solution returned is e-accurate with high probability
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2. Maximum variance sampling:

x; = argmax 0,1 (x)
x€D
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Experiments

1. LSE

2. Maximum variance sampling:

x; = argmax 0,1 (x)
x€D

3. State of the art “straddle” heuristic (Bryan et al., 2005):

X; A argmax a;—1(x) (for g% = 1.96)
x€D
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» What if we don’t know the threshold level h?
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Alkis Gotovos et al. (ETH Zurich) Active Learning for Level Set Estimation 1JCAI '13 17 /21



Implicit threshold level

v
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No existing algorithms for this problem (to our knowledge)
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