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Motivation

A radar system uses an imaging waveform to filter out birds.
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Some times things are easy:

And some times hard:
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More time spent = more accurate imaging = better classification.
However, since there are many targets the radar can spend a limited amount
of time on each target.
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Possible solutions

Approach 1- uniform allocation
Spend a fixed amount of time on each target. Number of simultaneous targets
are limited by the desired goal average error rate
Problem: wasteful, easy targets will require more time then needed.

Approach 2 - cascade
Use a cascade, each time spend a little more time until some goal confidence
is reached.
Problems:

Overhead of doing many consecutive measurements is high.
The estimation of the posterior probabilities is often very inaccurate
Some resources can not be reused from one stage to the other, for example
transmited power.

Our Approach
Use a two stage approach, first conduct a quick look, then use the results to
decide how much time to spend on the target.

Use a continuous decision space
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Many more applications

Examples:
Mobile sensors. Limited resource: power or memory
Detection problems when scaning. limited resource: scan time
sensor networks. Limited resource: bandwidth
Server side classification. Limited resource: computation power
Quality control. Limited resource: Money or time invested in tests
. . .
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The Data Quality Management Framework
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Formal Definition

x – Accurate data sample
x̃ – Coarsely acquired data
sample
δ(r) – Random disturbance
according with resources r
h – Known classifier
∆P(x) – Probability of h being
correct at x minus the
probability of h being incorrect
at x

G (x , r) , ∆P(x)P(h(x + δ(r)) 6= h(x)),

G (x̃ , r) , Ex(G (x , r)|x̃).

gx(r) , g(x , r) = −∂G(x,r)
∂r ,

g(x̃ , r) , Ex(g(x , r)|x̃).

The derived minimization problem:

minr(x̃) Ex̃G (x̃ , r(x̃))
s.t. Ex̃(r(x̃)) ≤ β .
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Solution Characteristics

Theorem

If for every x̃ ∈ χ , p̃(x̃) > 0. Then for some λ > 0 a unique solution for the
problem is given by

r(x̃) =

{
0 g(x̃ , 0) ≤ λ
g−1

x̃ (λ) g(x̃ , 0) > λ
β =

∫
χ

p̃(x)r(x)dx
.

For the case of SVM classification and Gaussian disturbance we receive:
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Unknown Data Distribution

In practice usually the distributions of x and x̃ are unknown.
However, the disturbance model is often known. Using this knowledge
G (x , r) and G (x̃ , r) can be derived.
To accommodate we restrict the possible hypothesis space using some RBFs :

r(x) =
K∑

i=1
αiφi (x).

Expectations are replaced by empirical expectations and the derived convex
optimization problem is:

min(α1,...,αK ) Remp(r(x)) = 1
N

N∑
i=1

Ḡ (X̃i ,
K∑

j=1
αjφj(X̃i ))

s.t β(r) = 1
N

N∑
i=1

K∑
j=1

αjφj(X̃i ) ≤ β,

αi ≥ 0 ∀i ∈ {1, . . . ,K}.

This problem can be solved using conventional means. We derived
corresponding complexity bounds.
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Simulations

In speaker recognition feature extraction is CPU intensive and proportional to
the length of recording.
We tested our method on the MIT Mobile Speaker Verification Data-set.
The disturbance was modeled as Gaussian with standard deviation
proportional to the square root of the sampling factor.
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Simulations

Then we used the described method:

≈ 20% resource reduction for the same desired performance level.
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Conclusion

Data acquisition is important. Dynamic allocation of resources can
substantially improve performance.

The method can support a variety of classification schemes and a variety of
disturbance distributions.

The main assumption is that G(x,r) is monotone and convex in r. This
corresponds with the following two intuitive assumptions:

Allocating more resources improve performance.
Allocating more resource provides diminishing return.

The method can be easily extended to similar frameworks where x̃ is other
than a noisy version of x . For example, in our radar setting, difficulty can be
related to object speed, which is measured using a different process.
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