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1. Data Processing under Uncertainty

• Problem: we often need to measure quantities y that
are are difficult (or impossible) to measure directly.

• Usual approach: measure auxiliary quantities xi re-
lated to y by a known dependence y = f(x1, . . . , xn),
then process the measurement results x̃i:

-

· · ·
-

-

x̃n

x̃2

x̃1

-ỹ = f(x̃1, . . . , x̃n)f

• Problem: measurements are never 100% accurate: x̃i

differs from the actual (unknown) value xi:

∆xi
def
= x̃i−xi 6= 0 so ỹ = f(x̃1, . . . , x̃n) 6= y = f(x1, . . . , xn).
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2. Probabilistic Approach to Uncertainty

-

. . .

-

-

∆xn

∆x2

∆x1

-∆yf

• Traditional approach: we know probability distribution
for ∆xi (usually Gaussian).

• Where it comes from: calibration using standard MI.

• Problem: calibration is often not possible in:

– cutting-edge research (no standard MI)

– manufacturing (calibration too expensive)

• Solution: we know upper bounds ∆i on |∆xi| hence

xi ∈ xi
def
= [x̃i −∆i, x̃i + ∆i].
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3. Interval Computations

-

· · ·
-

-

xn

x2

x1

-y = f(x1, . . . ,xn)f

• Given: an algorithm y = f(x1, . . . , xn) and n intervals
xi = [xi, xi].

• Compute: the corresponding range of y:

[y, y] = {f(x1, . . . , xn) |x1 ∈ [x1, x1], . . . , xn ∈ [xn, xn]}.

• Examples of engineering applications:

– design of elementary particle colliders: Berz (USA)

– robotics: Jaulin (France), Neumaier (Austria)

– chemical engineering: Stadtherr (U. Notre Dame)
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4. Need to Go Beyond Intervals: Chip Design

• Chip design: one of the main objectives is to decrease
the clock cycle.

• Current approach: uses worst-case (interval) techniques.

• Problem: the probability of the worst-case values is
usually very small.

• Result: estimates are over-conservative – unnecessary
over-design and under-performance of circuits.

• Difficulty: we only have partial information about the
corresponding probability distributions.

• Objective: produce estimates valid for all distributions
which are consistent with this information.

• What we do: provide such estimates for the clock time.
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5. Combining Interval and Probabilistic Uncertainty:
General Case

• Problem: there are many ways to represent a probabil-
ity distribution.

• Idea: look for an objective.

• Objective: make decisions Ex[u(x, a)] → max
a

.

• Case 1: smooth u(x).

• Analysis: we have u(x) = u(x0)+ (x−x0) ·u′(x0)+ . . .

• Conclusion: we must know moments to estimate E[u].

• Case of uncertainty: interval bounds on moments.

• Case 2: threshold-type u(x).

• Conclusion: we need cdf F (x) = Prob(ξ ≤ x).

• Case of uncertainty: p-box [F (x), F (x)].



Data Processing under . . .

Probabilistic Approach . . .

Interval Computations

Need to Go Beyond . . .

Combining Interval . . .

Case Study: . . .

Selected References

Title Page

JJ II

J I

Page 7 of 8

Go Back

Full Screen

Close

Quit

6. Second Case Study: Bioinformatics

• Practical problem: find genetic difference between can-
cer cells and healthy cells.

• Ideal case: we directly measure concentration c of the
gene in cancer cells and h in healthy cells.

• In reality: difficult to separate.

• Solution: we measure yi ≈ xi · c + (1− xi) · h, where xi

is the percentage of cancer cells in i-th sample.

• Equivalent form: a · xi + h ≈ yi, where a
def
= c− h.

• Interval uncertainty: experts manually count xi, and
only provide interval bounds xi, e.g., xi ∈ [0.7, 0.8].

• Problem: find the range of a and h corresponding to
all possible values xi ∈ [xi, xi].
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