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0% EXAMPLE

MODEL INDICATORS

: functional
function = dependency

C=f(X) = ¢: X—>C n DATASET
COUNTEREXAMPLE
ANALYSIS
FUNCTION
power=f (flow, head) = [flow0.05.flow], [head#0.1]—> [power*0.02epower]

Counterexample Counterexample — pair of tuples wich violates the functional dependency.

enumeration A pair of tuples (t, t,) formsa counterexample if: l CONFLICT GRAPH quadratic

creation "— counterexample enumeration
to|X] =~ t1[X] and to[C] % t1[C]
1 g, INDICATOR
- e ' ' ' NI ' computation

g,indicator The g, indicator is the minimum proportion of tuples to remove P

computation from the dataset such that no counterexample remains.
Introduced by Kivinen and Mannila in [1].

2 MINIMUM VERTEX COVER ‘

algorithm

1-g. is also the maximum accuracy of any model in the case of classical functional dependencies [7]

4% HARDNESS ANALYSIS [10] COMPUTE WITH THE FASTG3 PYTHON LIBRARY [9]

PROPERTIES LIMY ___ 4(7 2) = true () /datavalor/fastg3

OF PREDICATES transitivity ¢(x y) _ ¢(y z) — true
For each attribute , — gb’(a: z) = true
: —

NP-HARD

dataset + function

of the dataset tisvmmetr
} ———¢(z,y) = ¢(y, ) = true POLYNOMIAL OR arge datasets
relaxed — T =Y Counterexample enumeration (quadratic
N
L = Y value symmetry o(z,y) = ¢(y, ) Optimizations from record linkage (e.g. blocking)
comparison . . . . and similarity joins (e.g. sliding window algorithm)
| ¢ 7 ) binary predicate bounds conflict Exact algorithms .
Y) chosen with domain experts —> graph complexity sorting hashing ‘ conflict graph
(memory) S (speed) Estimating the Sublinear MVC's size estimation
Mimum Vertex Cover's size (NP-hard) On-the-fly conflict graph enumeration
dataset : - | Adapts a 2-approximation algorithm [3]
{ref, sym} {tra, sym) + function —IQR |—> d. Exponential exact algorithms
NP-HARD | (e.g. WeGotYouCovered [6])
Sampling algorithms Time-bounded local search algorithms
uniform stratified (e.9. NuMVC [5]) | —~
{ref, tra, asym} // {ref, tra, sym}  {tra, asym, sym} (speed) VS (precision) Poly approximation algorithms

(e.g. GIC, Edge Deletion [2]) /L
A PRACTICALLY EFFICIENT

g, SUB-LINEAR ALGORITHM
FOR THE MINIMUM VERTEX COVER

.based on Sorted List Right [2]

POLYNOMIAL
{ref, tra, asym, sym}

, VISUALIZE WITH THE ADESIT WEB APP [8]

flow (numerical)
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.. . f Counterexample indicators N
ade SIt-llrls-cnrs- r Generalized g1 indicator @ Function Existence Degree in Your Data @
=00 994 Upper bound for a machine learning problem (generalized g3)
I?WDESI.T offers z]ac vvz;y to ylsqally sxplore 0 20 o - f.r; o 9 %0 0 & Conflict graph
eneralized g2 indicator ) — - -
the e><|ster.1c:e Ol a .unctlon IN a dataset e o zd/// sﬂ, exploratlon
_ . for machine learning and much more! 1 1 | - '/ 84.7% \
Counterexamples visualization g 2 0 oo e 100 .l - L Lo
(5626 tuples over 16813 are involved in at least one counterexample)
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