Chapter 2. The Low Road to Active Inference
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1. MEZ: Perceptiond} Action®| &%
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B. 'FOo|AXMQl FE'> 'Bayesian brain'> 's&X ¢l
2. Perception as Inference
Ak =3H2E =8tz A0| oL e, Mo Relg ssXez F
Z3lE predictive machine
B. Mechanism of perception
i.  Top-down: sensation2| & QI0| LSt AP X[4(prion)S &9
predict
ii.  Bottom-up: sensory stimuliE &3l sensory observationg ‘&g
(likelihood OH7H)
ii.  ZHAC|l Generative model2 O] & HHAlS Zgsto] it

iv. ZZt dataZ HIEQE, MAQ| hidden stateE =2¢t

C. Example
i.  Prior beliefs: L7} 21 QU= A2 2|7} OfL|2h AfatY ZAOQ|
C}.

HX| g =E0| &1, /72l BEY =E0|

=LCt= Likelihood model 0]&)

iv. = Posterior belief& updatestd “7§f2|Ct'2t= THEHS &

D. Surprise
i.  modelO| 2| dataE HYSIX| RSt=(Discrepancy) Bk
i. |9 2H: surprisel| %23}

3. Action as Inference
A. B4l Action 3 Perceptiondt OFEHZFX|Z, FE29| A&
B. Surprise (Discrepancy)E &0|7| 2ot & 7tX| &
i.  Perception: BeliefE HFH A, A& (data)0| =7
ii.  Action: M&(data)E HHYA, LS| beliefof] 37|

C. Action: modeldt M2 ALO[2| discrepancyE dilA5t7| f{dl, &2t O
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D. Example

Prior belief: "L K22 36.5=0{0F BtCt”

Discrepancy: &%I& =7

Perception 3l &: "Lf M2 RTFLI"Z beliefE =8 > AFT(Y

= 4mj)

Action SiiZ: 25 AL & B0 HM2S = - sensory data
0 7

£ belief(36.55)0 LX[A|Z
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4. Variational Free Energy, F

A.

B.

D.

2 k|7t Oj=7F Bayesian FE(surpriseE HE AHLhS $ast7|o

= AAHZFO| 2 Ol 27}S(intractable)
s}

2. =c2hZ2| AsHMO|Xt 2| g4Ql “Variational Free Energy(F)"&
X A2Sh= MEF K EH
74 |4

F=complexity — accuracy

Complexity: belief& +=8dl= O E& H|E(Kullback-Leibler (KL)

Divergence), ¥2+58 £33

Accuracy: modelO| datag OiLt & EF5t=7t, =25 £3
O|9|: perception, action2 ‘free energy2| Z|4 = ¢
of ¥Es5t= A Y

Perception: belief(Q) update - F &2

Action: observation(y) 14 > F &2

5. Planning and Expected Free Energy, G

A.

Planning: X7t OFl OJ24Q| surpriseE =0|7] |2t action?| &4
US|
OIANZH™L| R2l: "o{H HS0| 0|2 2|(expected) free energy (G)E 7t
g RE AQUAINE FESH0 ME
Expected Free Energy (G)2| =3l

Pragmatic Value: Prior preferenceE ¥+ A = &&, Exploitation
A

=
Epistemic Value: 224 & d|A8t10 information gaing &

A = EAM Exploration
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= O M= exploitationZ} explorationO| LH &
A X| B, active inference O| 20| M & SFLIS| =4
otofl o] & ZEE K AEHA s
AL|(ZF8)E HoHX T 7t SRS 2 =3 &

> FAE Fthfof 7tEs ARCH HEEZ 2AQlsts W (A
7}X])O| expected free energ =

> Fe 84S = 28 94
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6. Conclusion & summary
A.
B.

Bayesian brain: “c|= @ 810| F&25t= 7[7|AO|Ct
Action?| 2%&: M&Z LIQ| o=} M0 £ active inferencel|

g

MZE ek X9l variational free energy (F)2 O|2H2| expected free
=
=

energy (G)E XAt 2ZM, HFN = surprise 2= SEH(EE)S
A

a2 ol e|et 2EdA Ho[= Fe|of s i =0, priorE
&0l posterior beliefE A5t 172 HEADH A0 St A2 &
0 Hile{dat siE O|20o|N SH= k[o] & 7|TO| HO| FAMe
2 ZASULCHL E3 2F AIQ #Est klatsto] Y|z St o
=, 0|3 Yoz o AOotED HZisiete 22 A ZELICH

Bayes' rulel| 2|o|= AtZ==HE A LH0]| evidence®f prior belief,
likelihood& Z25F O|8FCt= ® Z&LLCH 7HEXC= M2l
=2[H0|1 MHESICt M2 ELIC Ao Zatslor & CHE 240 =
O Zio| AS7tK?
Q|2 OHEHZLR| 2, OfH
2 J™o|st, = M6}
23 o] A0l A X=E S Al

b FAFSHCHE HHAMSLICE HAUYHIOME cost function E
= loss functiong H2|5t0] 0| gfofl 2} modelO| taskE YOfL} &
SUSIA =X S8 "It parameterS YOOI EStEE THL|CH

Linear regression &2| OA|2 cost function® O[s{dtd LIH O] 7Y
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Fig. 2.20| A, observation= x&t x*& 0= AME ZX| E2 ME2 y
2 FoI5tH, xof x* BFo| g H=Cin B
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dZ5t=0, 220ME A5 E0f AXO0| actionO| process?| hidden
state0f] &£5t= A= FE|O U= HO| Q& SLICE observation
dt= CHEA hidden stateOf £5t= &, 22|12 747 Adt= A0
= processOfl £3t= FOfl i O{EA HZStA|ILLR?
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