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Self-evidencing
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Free energy
F(y(a)) = E,[Ina(x.s,6)~In p(x.s,0] y)] - In p(y(a))
~D, [4(x,.0) [ p(x,5,01y) |20

Variational inference

q(x,s,d) =arg ;nin F(y(a)) = p(x,s,0]Y)
= F(y(a)) = =In p(y(a))

Active inference
a(x,s,0) =argmin F(y(a)) = p(x,s,0]y)
q

a=argmin F(y(a)) ~arg max p(y(a))



Reflexes

’ F(y(@))=E, [In p(y(a) | %.5,0)]+...
e < A

Active inference
a(x,s,0) =argmin F(y(a)) = p(x,s,0]y)
q

a=argmin F(y(a)) ~argmax p(y(a))
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Markov blankets
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Children

p(s,m1b)=p(uIb)p(n|b)<= uLn|b
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Markov blankets
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Variational inference

q(0) = arg(rgr;in {...Eq(e)q(x) :In p(X| 9): +E, 0 [In p(H)]— E .0 [In q(é’):}
q

q(x) = arg(rr;in {...Eq(e)q(x) In p(X|0)]+E 4006 [IN PCY | %,5)] = E g [IN q(x)]}
q X | | | |

q(s) =argmin{..E . [IN P(Y| X,5)]-E . [Ina(s)]}

q(s)
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0=¢, Dynamic (gradient descent) inference
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Discrete time models

Generative model
P(5: 5) = P(SI)H P(Srﬂ | Sr )P(Or ‘ Sr)

P(o, |s,)=Cat(A)
P(Sr | Sr—l) = Caf(B)
P(s,) = Cat(D)

Bayesian message passing

s, =0(v,); v, =g,

e, =InA-0,+1In(Bs,)+LIn(B. s, )-Ins,



Generative model
P(av '§) = P(SI)H P(Srﬂ | Sr )P(Or ‘ Sr)

P(o, |s,)=Cat(A)
P(Sr | Sr—l) = Caf(B)
P(s,) = Cat(D)

Bayesian message passing

s, =0(v,); v, =g,

g, =InA 0, +1In(Bs,)+LIn(B]

[}
r+lsr+1) —In S,




Free energy Expected free energy
F(o(@)) = DKL[Q(S 7) || p(s, ﬂIO(a))] In p(o(a)) G(7) =—Fq[DKL[Q(S|0,ﬂ)IIQ(SIﬂ)]J—Fq[ln IO(OIC)]

Divergence (log) Ewdﬁqce Information gain Preferences
= Eq [In q(s,yz)]— Ef{'” p(s, n,o(a))] > Fq [Inq(s| z)]—Fq [InA(s,0] C)]
Entropy Energy Ent\rfopy Expect(;a energy
Qu[a(s.) 1 p(g )]y [In plo(efs.m)] A1 p(s1C)]-E, [In p(o] )]

CompIeX|ty Accur Risk Ambiguity

\ctive infe/ence
q(s, 7)="tFe I:(0(61))" p(s, 7| o(a))

q

a F(o(a)) ~ arg max p(o(a))
In p(7) —G(7z) /
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Generative model
P(aagaﬂ) :P(SI)P(E)HP(STH |Sr’”)P(0'r |Sr)

P(o, |s,)= Car(A)

P(s, |5, . m) = Car(B,,)
P(0.)= Cat(C)

P(s,) = Cat(D)
P(r)=0(-G)

Bayesian message passing

S, =TS,
sﬁ'f = O-(vﬂ'i'); VKT = 87!'2’

g, =InAo, +1In(B_s, )+1In(B] s

T AT

IT+1) _lnsﬁ'f
o, =As_

¢, =lno_-InC+H-s__
H =-diag(A-InA)

Gﬂ' = 07!1' .gIT

n=0c(-G)



Generative model
P(5=§=”) = P(Sl)P(ﬂr)HP(SrH ‘ Sr’ﬂ.)P(Or ‘ Sr)

P(o,[s,)=Cat(A)

Stimulus Stimulus P(s, |s, ,,m)y=Cat(B,,)
P(o,)=Cat(C)
P(s,) = Cat(D)
: : P(7)=o(-G)
Percept Percept Bayesian message passing
ST = n ’ SZT

Sz =0V )i Vo =8,

g, =InAo, +1In(B_s, )+LIn(B] s . )-Ins_
o, =As_

¢, =lno_-InC+H-s__

H =-diag(A-InA)

G,=0, ¢,

n=0c(-G)
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Continuous time models

A

X

X(7) & X, + X + 372X + 1 X+

Generative model

p(7.59) = | pOF)p | X 617) p(p47 | £,

1) 3l iy = 47 ol 1 L] [z
p(y ‘x >V )_-’4/ (g (x >V )>Hy)
p(x[Hl] | x[f]’v[f]) — /l/(f[!](x[f],v[l]),HEC!])
PO = A (", 1T

Bayesian message passing
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p(x[Hl] | x[f]’v[f]) — /l/(f[!](x[f],v[l]),HEC!])
PO = A (", 1T

Bayesian message passing

[z _ ,,[7] [, 1]
&=y —-gt (1)

0 = 1 [l )

21 — 1] [7]
&l=mu"-n

-1, [
tux _lux
[7] {21 .[1] 1] [i-1] [1] [7] .l1]
+0 &7 06 —TI e ™ +0  f1 T1 e
-[] _, [itl]
M, =H,




Onc)
SLelor
e

’e ‘e .: <

éé"ﬁ oL

4&«




FEF

O7Z'T

P
i
[
R
by i

s
AR
CTTAT

LT
=+




Szrr e O-(% (In(Bm—lszzr—l) + In(Bjrrsmﬂ)) + In A & Or)

OﬂT = ASIZ’T

G=o0,(Ino,-InC+H-s_)
n=0(-G)
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Navigating a T-maze




Narrative structure

Query

S

Answer

Solve maze

Solve muze

First level maze states
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Policy selected (first move)
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Narrative structure Policy selected (first move)

Solve maze

First level maze states

Policy selected (second move)

Reward location

\Maze and cue

Observations

%
X
C

\_ Reward

“Plense exphiﬂ vt
first move ™

\: Heard word

“I'khew the reward

wis on "
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Beliefs - second level

Narrative

Solve maze

Response
First move

A Go to cue
2 | ‘
Bl 0 0 leagees |
wn | Go to right arm Second move
~ Beliefs - first level
Starf] cue, right Maze (location)
_-mm-___-“
(context)

Silence

Syntax

'Query syntax
|

7]
g
A
Answer syntax
‘second’ = g . #1
: i “Knew’” b & = #2
‘ “found it (#4)

Semantics (#5)

= |

( ’ i !

- ! — = i =
[— I . S— T ‘the right.”

Time
" Beliefs - first level
Start, cuc right . — | —— Maze (location)
St lonioy : (context)
Silence
©n Query syntax S
Q yntax
s
A Answer syntax
‘second’ g#];
= ‘ | mew” - _F - - #2
| | —— — (#4)
e ] [ Jon -—— “the richt ™= Semantics (#5)

Time
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