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Probleme :
mein Ex [ Rlc, X)]
c EC

G : solution space

X : random instarre

Rlc, X) : cost of solution c on instaue X .



Max entropyt PA
-3. find mein KIRK,XD, gienx:X

"
.

Appeals :

2. Computer p> I. Ix ') aexpf- f-Rl)* *

PT! - H
") xexpf- f-* Rl:X"))

2. in ¥ p#Klopf!X")

1- * = arg Fax KTCX:X
")



* Why ME ?
* What's the right value of T?



Whyte
° Algos should output distributions
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What is the right
value fort ?
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Experiments comparüy ME vs ERM
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Alex's experiments on ME vs ERM
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Minimum spannung free algorithmus :
Regularjatön by Hopping

A. Gronskiy auch I. Buchmann
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Alternativen : METPA
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Def : Algo A is contract re if , gien X,
it execution can be expressed at a
Sequence

( =C)zc!A)z . . . Z C! = {E}
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We can apply PA
to build more robust MST

algorithmus
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When do we step ?



When do we step ? Bnd e
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RegularigedM_STalgoInpnti.K.XIMsTalg@I.Run
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Which MST algo is the best forthis?



ÄSTE?
MST algos : Prim, Kruskal, reverse- debt .

* Experimental assessment of PA
* Experimental comparisan .

"

PA rankings match with performance rankings .
* Analysis



Experiment PA of the reg . MST algos-

:

* For re {0 . . . . . 80} , a
"random " complete graph

with 60 verlieh and the exp.bg . PA for each
algo war cakulated .

experiment → G : ( V , V) V> {1
, . .

.

.
60}

for v.WEV weightlv.wsNun, 100) .
instand- X = ( V, V)
for v,WEV weightlv.wleNCweightlu.it, E)
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Experiments : Performance of the -

reg .
MST algos .

• 400 complete
"

groundtruth " graphs
with 6 vertick

• Each edge weght IMµ , i)

• From each graph , two Instant X
' auchX"

were generator by addüy weise NLO, %) to
each edge .



3
d

öde § PA

←I

Error
=
1- f)fügt!) fit

: MST

400 £400 symmetrie diff.tt: ST output legt



5µWversions

Prim 's algo (growing free )
° pick an arbitrary vertex vo

° T ← { ( vo , argmjnweightlvo.nl}
° while I not spannung
Expand T with
arg min weigert Cmv)(u, v)
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TvKnin} is atree
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MSTalgorithmsandtheirregularjedrersior.sk
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Prim :

IOnly addr edgar connect I thecurrent Free
* If you start wrong, then you dücardu
good candidate too early .
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igel versions

kruskalisalgo (growing forest )
2. T← ¢
2
.
While T not Spannung
Expand T with the lightst edge
that does not indem a gehe
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MSTalgorithmsandtheirregutarjedrersior.skruskatsalgo (growing forest )
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kruskd.FDoesnotreguinesebctecledges.to
be connect

.

* If you start wrong . you discardgood candidate .
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igel versions

Reverse- debt ( reduciny graph)
I. T ← all edges
2

.

While T is not a Free :

remae the heaoiest edge that
does not disconnectthe graph



Msialgorithmsandtheirregularigedrersionsteuerse
- debt ( reducing graph)
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MSTalgorithmsandtheirregutarjedrersioherse.de( reducing graph)
Co C, Cz 63
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Reversible
* Dis cards the heaviest edge ,
while Keeping the graph connect

* Dis cards dead candidate early
Cz Cz

:

discards

⑦ ④



Confusion
* PA wrrectly rankend the performance
of there algorithmen .

* PA can guide the chain of
hyperparameter values , costfunctions , and
algorithmus .
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METPA
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Problem: port(d) 's normalisiertem anstaut
is intractable
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(n ! different solutions )
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Experiment
Synthetic experiments
A noisy ranking TT was gewatet

TT
,
~N(i

,
⑨weiseparameter

Then X war defied.by
Xij := I täi < 5} .



Experimental result
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⇐ideale
Tournament from the German chess league
competitive (n = 16 teams )

records from wiss and bosses
×
'
← 2009-2010

X"← 2010-2011

Apynoach : c I a Lp! HI, p!: HD)

Baseline : arg mein
Rat(c. X ') tpiortcc.× ")
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Whirlwind
* PA as a method for ualidating algorithmus .

* Algorithmen as communication channels
.

* Asymptote eguipartition propertg and tgpicalitg
as Tools for simphfying anlysis of complex
systems .

* How to use information theory A developer
effect algorithmus for robust shähastie
optimigation .


