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MorvaTion
* Do we raally keow how o solve discrete probabilily - problems?
Ls Gion d: ”  spedfick. kit , ,
%t\éernadﬁeosg pr v%ismﬁ% ( | ﬁbﬁw% ) whok is the poserior
* Formol. language for decision problems: moke assumplions explicik .

+ Synthetic theory of probability, normalization, and Bayes’ update .
L> Whot ae postlates for Boyesion. updating ?
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: 1 |

(sub) dislibukion copy discard.
Ly {ylx) £ 4. Olxe=x2=x3) 1
g
'91 ?z
mOﬂOdeL Tensor oomposiﬁon

4 ylx) - £y, %) 2.4 0(zly) - flylx).



1 Copy-Drscarn (ATEGORIES

o
{ X2 Xa
: discort
ob) distiibubion Copy
R 1. 5, (b5 (do) 1
X £E
mDﬂOld.OL lensor composituon,

J(dylx,) . £y, lx,)

[y o(dzly) -(dylx).



1 ToTAL & DETERMINISTC
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1 MARGINALS & CONDITIONALS
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1 MARGINALS & COMDITIONALS

A morphism. hos conditionals & con be condibionally-fodored. through its
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1. ALlMOST-SURE £ QUALITY
A morphism hos condibionals i & can be  condiionally-fockored. through iks
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A morphism hos condibionals i & can be  conditionally-foctored. through. iks
maginals: 1 = (TRf)<c for some c. A
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DeriNimoN. A partial Markov W S o copy-discard cobegory where
every morphusm hﬁs condibionals. alagog & e

» Domaurs.
- Normolizokion .

- Boyesion. Tnversion..




/.. NORMAUZATION.
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.. NORMAUZATION
Dmum A rormalization of :A-B is & mophism n{f): AR
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7. NORMAUZATION
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.. NORMALIZATION
PRoPasiTioN.  We can renormalize during o compukokion.

n(n(fsg) =, n(fza)
Proor. By definibion of normaolizakion .
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7 NORMALZATION
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m(xlm,x,.) = [’(1=X1=X]
I " ot o total funchion.
compare.

x Y X 52
m ~ % ) m S(X=_\_4=3’) - §(x=x)
Xy ox oy x Y 128 (x=y=2) 8(z=x=4’).



3 39S THEOREM
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Observing yeY through o chael §:X-Y from o prior p:4-X
updates the prior, up to saalar; to the Bayesian inversion. evalualed on e obsewalion.
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3 39S THEOREM

Obsewing yeY throwh o chamel 7:X-=Y from o prior p:4->X
updates the prior, up to scalar; to the Bayesian inversion. evalualed on e observation.
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Contirwous probabilify cokegories have comparalors, buk nok useful.

i whm = eA, . Obl.e Y\ChDYL
‘?’(A\x,y)={® her w;y %r %tumingrsdurBoreL{USpaces.

However, the set {x.) has meosure zero: & is impossible to gdl oxacly xo.

ER

This is bad: is there o way to Keep exack observabions?
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DEFiNTON.  Given 0. Markov cal:egog €, we anstruck o partial. Markov
cakegory, exact(€), Tat adds @ morphism 4 Y—x ' for every
debetminigtic. y:T >V,

W o E’\ - &,

|
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A] U
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EXAMPLE. Assume o normal distribubion with sd. 4 and. mean
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NEWCOMBS PROBLEM

ﬂgenl: is one-boxer, I will fill both boxes.




NEWCOMBS PROBLEM

Predictor closes the boxes £ leaves.

] (o]



NEWCOMBS PROBLEM

What should the agent do?

° TWO’bOx leis laeﬂier than noHtug
104 € is better bhan 100€. No
makter what I do, I camnob chavge

whakever s in l:he.boxes
* One-box: T wank ko one-box so
that the accusagy of the predictor

means that T geb 100€, ms(:ead of 1.

The idea is always to find the agument
thak moximizes some. expected. value ™ function.
The debake (s in interprebing what thak function is.




CALCULEMUS

leibniz's dreom was bo see philosophical. dispubes teduced, bo mathematical caludabion.
A algorithm for figuring oub the corred posikion given assumplions.

o— A Wishlist .

X | el
k@@ * Formal. syntax and, axioms for stochastic
| processes ond. bayesion. inference.
@l@ * Systemokic decision theory.
® * Composibional. ond, abstrack theory extending

synthetic probability .



CALCULEMUS

ledbniz's dreom was bo see philasophical. dispubes teduced. bo mathemakical calaudabion.
n algorithm Jor figuring out 'the corvect posibion .

Wishlist .
do *k ' ‘
picin - poed o S e
dbserve. (ackion~x) * Systemakic decision. theory.

observe (action= predich(on) .
eburn. () (ack ki o Compositional ond obstrack th °
reburn )action prediction.) sgm):hx k7 .s eory extending
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SUMMARY

Minimol. algebro. for evidenbiol. decision theory.
& Tnbuibie diogramabic syabox.

® Trmslakm3 to actual code.

Synbrebically proving o. Bayes' theorem.

Factiol Markov categories extend. synthetic probabili
to allow a;bs;.lwahwns r & et o pro ‘hhj ogebre






