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Chapter 2: The Low Road to Active Inference
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Active InferenceE ©]F+= 2714 =<l High Road®} Low Road % Low Road©]| tfs}o] 2]+=5}
At} Low Roadi= Helmholtz®] ‘FO]A A Z=20 2 49| 2]7Poeh= 114 T o)A A|Zfstod,
HE EAA 2 dRA o2 HE Bayesian brain 742 53 Active InferenceS A td35}stct. &
Gt o5 Fof AZmat ohuzt W, A9, sl ofBA shtel FAY A ol Has)
9702 FHEEA) Brsg,

2.1 AZOo52A9 F2 (Perception as Inference)

Active Inference®] oA k= F AA Q] A& F25}11 9| =5}+= predictive machine©|t}.
A7be Thea) 47t A2 WolSolE bottom-up 7ol ofizk, k7k 7121 Wi modelg B
2H7re] 919l ZEah 2AH top-down 2ol

LB b 142 dolE(y)s o8 St AT () Aolel e
2 YEIf+= generative model P(y,z)< 7121 ot A28 72 HHIF 50 2H k= Bayes’
theorem2 AF8-5}o] priorS posterior® Y d|o] Estt}.

Plylz) P(x)

P = 2.1
() = T2 1)

2.2 HWHE ZF 914 A] (Variational Free Energy)
A A Q] Q17 A|AHo| A Bayes’ theorem@] EH Q1 model evidence (P(y))E 25 AAtst= -2

M X

¢ o]t} (intractable). watA] ¥ A A posteriors 2|4 6= Al thF7] 4% variational
distribution Q(z)& ZYJ35te] 0|5 AA| B ZAAZIL). o]uf A4 Sl5H= 2] E 7} variational
free energy (F')o]|t}.

Figure 2.19]|4 R%, free energy (F)= @4 72t dlolElof tigt surprisal (—In P(y)) &2t
IAAY Z} ggbA] FE FASks A2 7P A 02 surprisal2 #4351 model evidences

2 shste AT} FA o]k,
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F[Q,y] = Dxv[Q(2)[| P(x|y)] — In P(y) (2.2)

o] 7] A] free energy+—= complexity?} accuracy®] ZA3gto 2 o]
st AsHHA L (accuracy F|Ti3}), 2F419] WS U FASH]
%438} Occam’s razor 92]-S w2t}
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T19 2.1: Variational Free Energy as a Bound on Surprisal

2.3 PF o7 A9 & (Action as Inference)
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1% 2.2: Perception and Action
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GAste] 42t dolE(y)ste] RUAE AT B (action) & WAL WA AH1e] F|ehel
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2.4 719 A5 g A9} A8 (Expected Free Energy & Planning)

Free energy7} 71719} @4le] lolel 2 chgchel, nlehg Aglel] SIaAt wlaol SAye Ao
i3 expected free energy (G)& 248150k P} A]%] (planning)-2 vlefo] 438 policy (r) %
71 2 expected free energy S 718 Z 02 o &)= policys F251= 1A o|ct.

Expected free energy— 5 7} 7} & FA|of| A3} O 2K exploration vs exploitation
o] daf|ulE s A3kt Pragmatic valuel= Z}419] preferencelt 2o db= A7S ozl A
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FREE ENERGY

FIO. ¥] = Dg,[0() || P(x | )] - In P(y)
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Perception: change Action: change
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719 2.3: Components of Expected Free Energy
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Chapter 3: The High Road to Active Inference
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3.2 Markov Blankets

Markov blanket-2 A A 2] £ 4214 © 2 modelingd 5+ = 83 o]t} Blanket b
7h Fol S o, U Aol sk 913 4l a7} M2 2003 So] 4ah ZAS Markov blanket
olgtl 21, Active Inferenceol| A= Figure 3.12} ZHo] Markov blanket-2 ©]-835}9] modeling$t
o} ol 1™ oA = AYAE et B pt A7 Aok Ald= UEt = 29 dynamic
& 5243 modelingshth. B2 blanketq] G} 42Heg So) £BE o 2, SYHS

o ARA o 2L BT 5 At

Active states
0=y (x, 1, y) + 0y

Sensory states
=1 W, u,3) + oy,

b=(u,y)
Blanket states

719 3.1: A dynamic Markov blanket



3.3 Self-Evidencing

Active Inference®] YA Hi= surpriseE Z|A3fol= tiidol g, A <] FAE A=
2 surpriseE F|48toh= A& mlofjof gt dIAH HIRE & B3|V Qs A HT E o]
EA = AFo] AAAH Y, E177F T2 surpriseg FASFoHE AAMY IS AXH EA
Ao FAT 4 glot. wj2ofl BPA= B Aet AHE 7Hgsts — 5, A4l 24 ZA17}
ZpA A H k= — prior 4421 optimism bias (e.g., A|-=of )t prior Ft — 272 & oA & 24
9 iﬂi2 FA 5= 958)E Adh 2AE FAsH] Yeide B2 AT 4= qlojof sh=H,

< A2 & & ok B0 HIRE &ollA A A AL surpriseE Eo|A] ofystar, HiG
Bo| A A7HA LAR L AL o= W A 7Hso}7] o)) ZFAle] EAAS S| gh) wj Rl AP A=
2H419] Aol 55 S5t A AE5h=T, o] & self-evidenceztl F-Er}.

3.4 Hamiltonian & Entropy

Active Inferenceo] 4 High Road'= 5] @48 58] ABA} surprise® 2 488H 22 s}
Fo=m ool R geith SAGLot)A Hamiltonian system®] AE|7} 7H4= encrgy
function& 2Jn|s}H, o= AKX o|2 9] surprisal (&(y) = — InPr(y))el -t}

Energy function® 9]u]sk= Hamiltonian® A7 th7jste] @ish A2 2le] ket A7ko]
Adof et Z7}1stet. Active Inferencet= surprises A SF5}7] 9J5) free energy S XA 3S}ol=
7Hgo] ole} A UL 402 K3t} Equation 3.1614 Hi= (Shannon) entropyE, &(y)e
surpriseE Qu|gtt}. o] 7] 4| entropy+ Hamiltonian®] 7] gigfo|t}.

H[Pr(y)] = Epy(y)[6(y)] = —Epr(y [log Pr(y)] (3.1)

YA S modelingst7] 915l Markov blanket-& AF-8-5F1L, o]+&= A H A
Ug‘i]fl]— Q)E MAFS EE]6t= Markov blanket-2 #7] 4 © 2 entropy 7}
A7} self-organizationS E3f @7 A0 2 entropysS TAAA7]=
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3.5 Hierarchical Model

B 7] 58 AsiAE v AR AxolM FEshe 58e 851, AS2 model2 °]E
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3.6 Alternative Futures

Model& BAH=E 71517] 915] temporal depth 27 S 2 9lek. oli= @Aj2} We] oi7l A
WA 222 5 982 JulaR, policies T planse} Z AT}, Z12ke] AWAE AR ohe
model 2% 9 temporal depthS Z|Y 11 3Jt}.



Chapter 4: The Generative Models of Active Inference

Active Inferenceol| 4] 2] 9] %]+ generative modelo|t}. o2t W oA 2-2]9] k&= 27}%]
A2 Fol Fiste] B Tbsstch 1) o4t A7F (e, BHL Wl 4R, 2) A% AT (en.
A Y E& w2ols A7), 2 chaptero A= 71314 Q! generative model®| s~} HHH 2
7EA AIZE Sl tigk 7124 ¢] Rdlof diste] FRSkh. o, 2&a f15ho] 2 chaptero] A=
o]AF AJ7tol| gt modelwH-S 245} T).
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4.1 Bayes’ Theorem

Generative model-> model evidence Pr(y)& =°]= 23} S2|o|t}. SFA| o= A A o 2 A

e H ofel- ol glol, generative modelS o] H2e} BAR AFste] DA

S(z,y) = 6(x) + 6(y) (4.1)

6(z) + S(ylz) = S(z[y) + &(y) (4.2)

Pr(y)2 FoHe BAS Aot 2AR 2357 $190) Jensen H5A1S o] Shet.

log @4-0] S2He 2550l 7o) Jensen 5L g5l TS whEFICh Ellog(X)] <
log(E[X]).

Log evidence logPr(y)°l] ths}oq
8ot et e A9E 9L 4 otk

p
log Pr(y logZPr Y, T logZQ(a;) r(y, z)

= log Eqa) [Pg?x)x)} > Eq ) [log Pr(y;f)} = —F[Q,y]

(4.4)
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719 4.1: Logarithmic function providing intuition for Jensen’s inequality
ol Hejot ot} Lok

FQ,y] = Dxw[Q(2)| P(z[y)] — log Pr(y) (4.5)

Equation 7?7?94 F|[Q, y]+= variational free energy©| ™, F& XA 3}9t 0 2 A log evidence ZH=
=9 4 9Je8 oF 4 Qi oA AFSH generative model 2] B HE Q) o] = A x|Stt}. Variational free
energy+= complexity (Dkr,[Q| P])2} accuracy (Eg[log Pr(y | 2)]) 2 57 7FHsoltt. o]+ Hlo|g &
kol A% ote (acouracy Achsh), BY R A BT HEE Al 7IE WS fARlE
(complexity Z|AS}H Occam’s razor Y22 £5+4 07 LdATE Aot}

4.2 Generative Models

Froo enerzy AUO] S19 ch5 18] 0467} Laokek doa y, Wi RE QS I, 2
2] 11 generative model Pr(z,y). o]t ZF @A = 11-G3F generative modelS 712 7]of] A& T}
292 YA,

Active Inferenceo A= th-2 5 & A]9] generative modelo] AFEET}: discrete model, contin-
uous model. Discrete model®] 7-$ discretest A|7to|A] =6l A&y}t 7+ o]z 7158 &g
model2 modeling@t 4= ¢lt}. HHH, continuous model®] 749 continuous§t A|7Hof| A ZHEolH
L2210l & A&Ado] st @ AE modelingghct.

Flgure ?779] (a)+= discrete model @] T A of|Ql Partially Observable Markov Decision Pro-
cess (POMDP)o]H, (b)+ continuous model 2] tZ A 2l ofjo]t}. E chapterof| 4l+= POMDPE &
Aoz A7ttt POMDP= A|7ho] whe} 218} sh= e d(s)2 AP et Zf discretedt AT step
ol 4 AFel o Abele} agent7l BEF policy(m)ol & E@T} HEH 0 & AFEE observation(o)
& AR
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(a) POMDP (b) continuous-time model

713 4.2: Two dynamic generative models



Chapter 5: Message Passing and Neurobiology
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Active Inference| >oh2] 2|7} AA| Yeh= AEoH4 7| -HA ofg 7 A=A H-s)
i process theoryol] Tsto] =30t} ¥ o] A7 29k 417 g 29 HF= variational
message passing A2 S} w2 M, FFAQ free energy |49} H2|7F o EA A 17
Alze] o Hete] =] 45t

5.1 1A ojAg29} qAA] A

w0 o7 8-e AR 65 720] HA|H| 2 S 7|5, o] A5 A generative model2] message
passing T2 4514 0 2 7 s}7]o] HA5}E 0] ek, AAA ] TF AL o] i 0g
& QE|o]ESHE gradient descent 3.0 8, AW~ 0] @2 ZEE modeld] B4 4T
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13 5.1: Canonical cortical microcircuits

QuHA © 2 superficial layers+= prediction error&
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Betz cells

Decussation

Proprioceptive

Dorsal horn
afferent

Ventral horn

Lower motor neuron

13 5.2: Neuroanatomy of spinal motor reflexes
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Ol AR T} v AF 4L basal ganglias 3 policy A8 7pg 02 AyEct. o] o]AtA]
A1ZF model(POMDP)o|| 4] 9] &2 w41} tf-2 =},

Cerebral cortex

Striatum

Globus pallidus

Indirect pathway Direct pathway

STN
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719 5.3: Basal ganglia and policy selection

Basal ganglia®] #]3H

1 7Y 2= ohFSH policy 59 expected free energy (G)E H7}olo]
EX PES 2257} oA
2 %

L;+1w dopamine® BAF A7k ohe}, AElE policy7} 1]}
22348 5 QAo B precision B2 AFEE e AEE

OOE'_

9] free energyS dupr; =
g9,

54 AWz} YU

Generative modelo|A] Z} A H o] A2 & A A5}= precision parameter= ¥]2] FQ AAHNIE
A A AHY o E o ZF 542 A2 thE G4 9] precision2 ZAGHO 24 Q%] 7]5S Yttt
Acetylcholine (ACh)2 #Z+ do] ¥ (likelihood) 2] precisionS o] QJF 2=l H535H
t}. Noradrenaline (NE)2 AFel] o] (transitions) 2] precisions XAt 217 H3}o| tf-&-3tct.

Dopamine (DA)-2 policy9] precision2 245} 35 7HAIQ} AHAI S A ot

5.5 T 44] AT (Message Passing)

o4t AIZF modelof A AFHfo] Hit AHIOIE HF2 that Eo] ZAHH.



$;=InA-o,+InB;s,_1+1In Bjr Sr+1 — Ins; (5.1)

A& Al7F modelof| A A M| O] &5 5L variational free energy 2] ZHAME wEh =

oF
op

Policy A Eo]| i3t posterior+= expected free energy (G)2} free energy (F)9] softmax S+
g

i = Dji - (5.2)

it

7 =o0(—Gr — Fr) (5.3)



Chapter 6: Active Inference Design

o] 4 g

6.1 7|8

Active Inference= =4 52 AFA5 Al 45 ALY P55 HAEct= S
Aot ol 24 frameworko| T}, o] HMol AL b9 AA] AN TS Trj2 @A Bk,
faste= 2AE WY 4 U= generative models WA AASEAL 71 model-S 55l Q12| 2} 23
& Aok HAS ARSI o] 3 WAlE bottom-up HFA]o] of] 2} top-down 4] €] model
AA ol szt

= Active Inferenceol| /] 5 Q3 A2 EA algorithm2 #]-&6}= Z o] ofr]gt o] generative
model-2 AAISF=1Fo|t}. Model@] F£x9] what Active Inference®] e} 52t HFAlo] et 4~
Ut} o] g model AAE Qo dtH o2 4A A Fx7} AHEH

2

6.2 Active Inference Bd AA L%

Active Inference model2 t-2 Y| ©A o] AAE 5l £ %} 1) System modeling: model &+
A AHO BAAE AoJgitt. 2) Form of generative model: model®] 4~8H4 L2 & ZHAS}. 3)
Setting up generative model: model®] 42} &5 X E AATIT) 4) Setting up generative
process: AA| &7 A2 GOttt o] Yl ©AZE A EJWH perception} action free energy
248} Qelo] whe} AEH 02 wEHG,

6.3 System Modeling

6.3.1 A|2H FA A9

O B 3917, ROL agentd] F AN B AA), B agent7h oW YA 02 T
£A)9] PAE HeI5k7] 5] Markov blanket o] AL,

6.3.2 Markov Blanket

Markov blanket> W7 AJ e o} @15 el Aol o] 21 A Q1 85 Ahdstal, & J o] Fo28=
4 AHiEs Tl miZists Fxolth o] FE+= sensory states(2]F AAZE W7 AJH Ol 9T
F= 7 &) % active states(W5- E7F &7 Al Al FS F= B=)o F 7HA] AH

=
oA A ARS oS3 22 FXE 7HT 8 — sensory states — WA AFE], 12|11
‘el — active states — 7. o] FTRE Tl W ALt 5 ] FAZE FEH A A, free
energy F|A3F7} o]l A|AHElO] tfof =3 5] =%] o]t} Markov blanket2 JFEA] k] 244 of gt
A8 5= Aol oYk thafsl scaled] A A o)E 4= Q)



6.4 Generative Model?] t% 3A

6.4.1 Discrete Modelid} Continuous Model

Generative model-2 AF-8-&]= H=9] Fefof w}e} discrete model T+ continuous model & A4 =
% Stk

Discrete model Ae) W71 AF Mela} Zo] WatehA FRES MASS AFgate], A7
dAm AdE do] HeER 2
27 At

o
al —_
R R Bl RS B RS RS BRI
2 Fpan
=

A1
generative model predictive coding %9} 2 ur= EX]

6.4.2 Shallow Model¥} Deep Model

Generative model> T £ 125 71 +X Ql1, o8 £F9 AF 125 7HE +& Ut
A& Sol 910 A2l FHOAE 84 — Tol BT TS AF FEI ZATCE Modeld
AAE dl= B e ol wet sk A4S modelof] et = 1AL, 5H9] =0 XS
BE o A 25 ok QAHO R BT A /)52 AT O AZH 28

deep generative model©| © Z3g}s}tt.

6.4.3 Temporal Depth

Generative model AA oA ZQ35F & sht9] @4 Y temporal deptho]tt. Temporal depth=
agent’} P-g= A o dupt A w72 AL s=2E oJu|gtr}. Temporal depth7} 3=
7% agent= @A WSS 7|Hto 2 PFS AERtrh. WA temporal depth7} EA5HH =]
ATE 1Hsto] S AL 4 Ut Active Inferenceo] 4] planning2 57 35 policyol T
3l expected free energyE A4Fsal 71 gho] 7Hg 22 policyE Aotz WA= o] Fo|Zith
wreba vl 295 ATt s < 9 A= temporal depth7} T g5}t

6.5 Generative Model F4

6.5.1 ¢ ¥4 A

Al A DA o A= generative model] LA A Ql LA QA S Aot} o] 7] 4= hidden states,
observations, actions, priors, likelihood®] @ A& # o|stc}t. = 3 o] o= A
SHeAl] et S8 model LISt Tgol.

-
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u r

6.5.2 Sensory Modalities

Active Inference modelo| A= thet 7 AHE FAet WAoo s AHejsich. 7472t AHE= o
Al 7HA] g o2 FEE}: exteroceptive sensations (25 A
A 7}), proprioceptive sensations (A1) §]x|e} 2o gt 74Z}), interoceptive sensations
(AA] W5 ol Bfet A2, e.q. AU olejst 42t JRELS BE generative modelS 3}
SREES



6.5.3 Prior®} Likelihood

Generative model-g& FA4S o A A Q] @ AL priore} likelihood©]th. Prior+= hidden stateo]|
st Abd 228 oJu|shH, likelihood= E7 hidden stateo]| 4] E4 observationo] AT 52
olu|gttt. Agent= o]t @& X5 7|9t O 2 Bayesian inferences 435to] 274 AFef o ofgh
W32 glolETt

6.6 Inference?} Learning

Active Inferenceo]| 4] = inference?} learning©] F-2 =t} Inference= @A =g 7|4 2 hidden
stateS U] EsH= 11 o|n H|W A w27 o]Fo]Ztt HIH learningS generative model2)
parameterg YElO|ESHE o2 ojzf Mol AL Bo) YUHOR olLolTh djE 5
Gaussian X5 AFEot= -9 Pt 24 22 parametero] Tt prior belief7} E2j51H,
A= Hlol8E e miutt} posterior® YH[o] EXIT.

6.7 Generative Model¥} Generative Process

6.7.1 = 7jo] z}o]

Active Inferenceo]| A & Q 9t -2 generative model} generative process”} A2 T2 7fjgo|gt=
Zdo]t}t. Generative model-2 agent7} YH&A o2 71211 Q= A o] tjst W-2o]H, generative
process= AA| SFoA TASt= Z24 Aot Agent= SFS 5] & 4 gl7] wiwol

generative model-2 A | generative process?} x5} &2 4 3t}

6.7.2 Sensorimotor Model

oj" A|AHloA = 2V HAE FEH5| modelstA] @il P5 30| 7Hastet. o]t 74
Y= L=5ho] I Qo A H Ut Z3H5}= sensorimotor model = action-oriented model-& AF&SH
At & S0 passive dynamic walker®} 22 AJA"lo = 2HA o] E2] H2|2 2745] model
oA grob B9 BelH B4 GEsto] 49He F5o] sl

6.8 Active Inference?] AA| &4

Active Inference model-2 AA| 2A4|o] A-&% w]j= generative modelZ} generative processE % 2]
Sk 919 AAE 7|9 E modelS AAIRI. o]He 27 AAEH R dEiet AF dEl=
free energy otr5 F|Asfoh= WF o R JU|o]EF ). o] I oA perception} action FA] ]l
A, AA model® of| A= Ar&tof wha} temporal depth& 254 Y expected free energy 2]

UE G2 A|Ast= ablation £4 52 485t modelS T2t A L Hlw e 4= ot



Chapter 7: Active Inference in Discrete Time
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<Active Inference> 71]’.9_ O] O] -Q- Al Zﬂ ‘I/\Eﬂ( g%‘éj}-;ﬂ_“] _i_% ?—_ 3z Zj')()ﬂ _?_oz] s} Hﬂ 7]—1]’ oﬂ/ﬂ
o] &= o]t Al7H(discrete time) model-S ThHETh 9HA /@A 072 A5 Active Inferencegh=

S
CIEE AR ol HolEA, TAAY S Fof HAZACKE sle] of o) BHelf ol
M7h oA BALA FE(AE)S 2o, AR E WA, AZH T2E B BHD
Q17 752 -a%wO1%Pwﬂ%¢aﬂq

7.1 7]Q: o]4 A7t (Discrete Time) 2d 9] I Q A

Active Inference o] 22 HA| A|2Hol] FA317] 94t S 842 A oj4t AJZF model& A ARt
Ho A A2 AL5ZR] B HollMk saccadedt 2 U454 HAH £3 dAE 7Rter
A&, 24 ARE gAmT A4 A3k o)E Tl sAK FH(s)E AFEc s dse 2

Agitt. o] Awol7] ¢l £ POMDP(Partially Observable Markov Decision Process)&
model ] E& ARGt} o]k o4t AZF & X+ theta rhythmi} 22 A738=5H4 2|&
9 hierarchical inference 7J @1} A& 02 AAE M, free energy principleo] AA| 4173 &7
P50z TALE P AP,

—

7.2 Hidden Markov Model
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19 7.1: Hidden Markov Model

Hidden Markov Model (HMM)-& 4%&}of| A T Q¥ E7|H-& AFgolo] Al7to] atat ¥Hslsh= A
g (s)= FAT ZF A AHl= B5 7Hett 21K o)E A/dstH, A el 2 et
O)&ESt= Markov AJ&-& 741t} o] 23t e Hol= o] PA(B)= BHEH, 7] JHl= AHd
BIZ (D)o oJsf] ZAHT}. Ao A= o]2]et oAt A|ZF BA|E tHF= Active Inference model-&
HMM Hi= POMDP| gej2 AAkgtet. AAE A= 2 ZF 2 2] modelat OV\VQ ZA A
model =, o]= HANS F55H7] S5l oAMEA A H oA 2% F ShHE Adshs wAl= 4
c}h. ot AR g sk A28 9 ZHS wbA o A] o] A A7 Active Inference—J E oto|A]
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7.3 Epistemic Value

A B & (information seeking) 9] 4~8F4 18] £ epistemic value 7]g-2 53 -dH sttt. Epistemic

valuet= agent7} Tk HAY 31 E (exploitation)S @O ®A(exploration)S 49§ol= AJ-=35H4]
5718 A8 Amolt. ANE 54] [(1) 54 A% poliey(m)o] e A FsFe
LHERH, o]= of8] T3 WA o= siAE 4 Ut
I(r) = H[Q(0r)] — EqemH[P(0]3)]]
—~— —_——
Epistemic value Post. pred. entropy Expected ambiguity
= Dgr[P(0]5)Q(3|m) || Q(0|m)Q(5])]
Mutual ir:}ormation
A s o = o P(0[5)Q(8]T)
= Eq@m|Drr[QGIm 0) [ QGIm)]] Q| 0) = o6l (7.1)
Information gain, salience, Bayesian surprise

Epistemic valuet= 574 50| Y5 Ag E= e F4o dupyt & A} fUst=AE
eIt 1) Sl st 1 ol o] Al % & Astolet, olelgt o2 s
A1 S o5 WA FE 02 ool BRHel A Aeko] s FEHL.
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Chapter 8: Active Inference in Continuous Time

Aar
(Active Inference) 8% 7Ao| A ThZ o] At A|ZH(discrete time) model- 2 H sto], ¢4 AbEf
3 7ZF(continuous state-space) model2 54 02 Active Inference 0] 29| 11H-& SHshct. H 2
I e L
senerative models O o1, 44 O A £919 B et LA ok A
gt
8.1 Continuous State-space Models
Q122 AFe] B2 model & 7} 58710 FFL 0] AL Be)H wET 44 w9 A5H &
Y& 7]=st7] flel AHg-H = generative modelo|t}. ©]2{Qt model2 7 1} A1 AFE7F AlZH|
w940 Mok S0 R A9 FU) TS A A5k, 24 Y
=
[e)

o] 2= 2] ATEf] 27} model B & 7~ﬂ<31 model _J 718 2]t 59 SHA (dynamical systems)

0% Ane) S A JelEe] 4oagol A7) ue g Ho s A
%= % (generalized synchrony) 7Jd& 53] tf&2t). F=2do=2 A& Ay
model2 ©|AF A7k (discrete) model}9] 53 F3l, Active Inference o] 20| 7+7}t-&%5-51

S 28-S th sl generative model framework QFoj| Al AHar 4= QI 2 Gt

oM, off T

8.2 Dynamical Systems

%95 (dynamical systems)+= Active Inferenceo]| A A1A]9] 422l 20| @A AHA L
T 2AEEAE Aok AU Soky Bolet. 2 Gl AL 58 H4 WAK(spinal reflexes)
s
T

Fo|A Q] & Ao & A2 B9, JAAH 23 B 22 Qo] ojBA AAE =& At
Agent= Z}419] A1A] Aol thell 54 41 (belief)& 7HA] ™, ©]+= generative model Hjo]

A 372y Aot ojwsfjof shEAlof] gt dEo=2 BAEt AA 7zE A=t o]t oS Tt
Z}o]+= prediction error®2 UERLPH, o]= A4 oA S22 Q1 a5 (action) S FElich. ofuf

PEL oR AAS Ay 22517] e Zo] oplet, 72t Pejo] oS XS 44| FeS
25 e AWt

ol2fgt Mol A 52 77t prediction errorg A= WFOR A(EHH 0T ZAEH,
oAl S AR 7HZro] AAJoh= Aeo] ot 222 AAAHA TaH o] 5ol 5Y5H
7|8k Active Inference model2 112114 A8 glok 52l 50| BAAE 5 == Hofett



Generative model
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719 8.1: Dynamical systemse]| 7%t
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o(xy — x1)
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8.3 Lorenz System

Lorenz system-2 £t JFHof =golz] ¢l 2| &H 072 Hetol= HAY FH5HA o tff
ol a2, 321 F7Ho| A & (chaos)T} 23S FAlof AUt o] system2 %7] ZA nf-¢
1 Z4okA Hh-g-5t, AJ7to] z)rof what Bxs5al o = B} =EAS 7t

2
ret

Im
o

L system®] £2161E modelingse ©] F-4HT} 5402 Qs Lorens system2 o5
1% o) 1 WA 717} HolEl S AT 4 9lom, Tt Y model 2= H3L7] of e
24¢ B35 fHe ok o Agoich

E3] systemo] Flglo] AHlE 7 AstH stk o]A], Lorenz systeme o] %4 (inten-
tionality), 5 agent7} @3t W& dol B2 AFHor PFohs AL Aot o 783
2 AgH} o]2 Ed) Y SAsHA S Active Inferenced]| A B35t 57 Ae HolS

71%57] 91 Sas 84 7|9hS A
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8.4 Hybrid Generative Model
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Hybrid generative model-2 Active Inferenceo]| 4] 0|44 223} &7 F A 5HS 51t frame-
work 2 -5-F5t7] Q1o At} 4] A5 POMDP #2& Falf o]4HA Q1 e et AlXt & Eof| A
A% ST A AES el ohel AFe A% holA] A1Ae] Al 52 A4

sfal xdgitt
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olelgt FxolH A9 AZ ol el B9 AZIH AHD A%H 25 K 77
2 gAY At 98L AT Z, FHHA AEHS TAH A% LF 02 WakE,
A

2= 7 50 modelo] 7|40 AEHT
Hybrid generative model©] g-=2{Q1 Z24 2 o|4b4] £ 2 291 54 -5 Alof 1t &4
< df&ske Hl Ut ©]2 S5f Active Inferencet=s 11422 Al 8|0 A pE 0] E2]2] LS AT
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Chapter 9: Model-based Data Analysis

o] g

9.1 Active InferenceE 0] 83l 3% d|o]g BEA9 78

Active Inferences= Q12| I4-& A 5t= o| 2 BT ofeh, AA| ARloA @dolxl Y& HlolHE
A Yo R T ARRE 4 Ut A= WA F HolHE WA §, 11 PFo] ol
generative modelo| A FAE =25 FET O =H TAAY] Y 17 25 FHT 5

o] I} A= F 7FA] model-& F-75ko] A Ztajof gttt WA subjective model> W27} A
A2 7FA 21 Qithal 7FA &= Y2 generative model-2 2]n|gtet. HEH objective model-2 AGLA}7}
mA7te] P dHolelE AEst7] Aol 2t 248 models ofm] ettt

@7AHE objective model Hlo|E]o] Wiko] WSS AW}y, 1 ATE o] gstel AR
subjective modelo]| L &HE parameterS S35ttt o2t WAL A2V} oAt 2 A
ChA] 235 o]u]of A meta-Bayesian inferenceztal A7 =t

©
N

5 o] g 2 E Generative Model Parameterg 35l 14

golg & E45= Fa3 B4 1A generative model parameters F7 5= Zlo|tt.
AL ofF prior bl ZH B, S o A2 A2 A g

AN O oY
m{m [UITU ol-l‘l

o o
£ 2
oll
>4
30,
_\1

9.2.1 Computational Phenotyping

Y= folE S 71 & AYst= model parameterS FAsHH | parameter= 1§ 2}0] ¢17]
A B0y AH A7 e UEde A2 siAE 5 Ut oS 2 computational
phenotypingo|2til FEr}.

= Q19 F Aol AEA Ade Bt 335 miglo] o2t model parameter ﬂﬂi
B HSH= YAlolt. ol & &0 of® AFE2 BM P52 ﬂ A ¢ 3lom, E o /\]'E}o H

9.2.2 o Generative Model A}o]29] H| W

% lolH S AW 4 9t modele ST 27
/\1 04——['-7\]-— ]3] generative model-2 AAgH 5], o]H
w]mafof .
o] Ao A Q3 7]F0] EE= Z-L model evidenceo]th. Model evidence= E% model©]
22 GF YoleE i} T AFREAE b A Eolt G7AE ole} modele] model
evidenceE H|wsto] 714 Aol =2 model-S AE5HA Hrt.

sh= Aol ofjet e18] 7447} 7bssle). et

modelo] Hlo|HE 71AF & ddsi=z]=



9.3 Bayesian %049 BF Hlog B4

BE diolH 242 7|24 22 Bayesian inference +2& mHEH. A4 A5 HOIEE °&
5}o] model parameter®} model +Z& 5 Ao 2614 Ht}.

ol A NME th=t £ BAZE AHErt. 574 modeld} parameter’t Fo]H 2 o FF ]
o[E]7} Yehd &-E< likelihood2tal 20, Parametero] tisl] -27F Aol A9 Ba2
priorgtal RE. 3BF Hlo|HE ¥Rt o] % JH|o] EH parameter + 35 posteriorgtil F-Ett.

FEQH 54 modelo] A Hlo|H & AWsh= =5 et = 2ol model evidenceo|t.

ol F2E Tl A7 AE F 7 T 2AIE HEY & Ut A HA ZAl= 574 model
o] FolF 2 wl oJH parameter gfo] Ho|HE 7P & AW SI=A]5 2= parameter estimation
wAloltt. F WA £A41= o12] model T ©|H modelo] Hlo|H S 71 & AYsh=AE H|ist=

model comparison =4 o]t}

9.4 Model-based Analysis®] AA B4 Az}

AA Aol Al Active Inference modelS ©]-85to] -5 Ho|HE 24T t= o A Q] 2t
ek gu
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9.4.2 POMDP 7]8l Generative Model A% oA

2 A A= I B A S AHS 4~ 9= generative model-S A A sttt Active Inference
of| A= o]t generative model-2 EE POMDP F£x2 EASI} ©] modelof= hidden state,
observation, action, state transition <+, 12|11 prior preference?} Z-& QAE0| EZGHECH
oG R WA BAL o BA] Aty BES ALSFEAL AW UE moddlS

UpeRdic.

9.4.3 Likelihood 3 A3 4

Modelo] 4=, 35 modele] 54 WEL AT THES AT 5 9tk o] e HEL like-
lihood 4211 -2k, A7AH: likelihood F4-2 o] 5] UAE BHY A5 dlole7} )
modelel A Pk} & A=A 2 A4tstA] e,

9.4.4 Parameter?] |3t Prior Belief A% 7

2 Ao A= model parametero] thst prior beliefE A3ttt o] @A o A]= parameter?]
ZIigtoly 24tat 22 grol A olH . o]2jgh prior= W@ 2te] 5 ko] of® HE| ¢tof S
Aolehe Qate] 7148 SetHor waT Aol



9.4.5 Posterior®} Model Evidence A&t &4
= d|o|E]2} prior belief7} AAE|H, AGLA}= parameter?] posterior 22X E AAFSF 4= 9t
E3F 7 modelo] Hlo]ES duht & AWst=2]E YEE model evidencer AAFS 4= Qlt}. o]

R %S
I} o]| A= Variational Laplace@} 72 E =29l Bayesian inference o] AFgE ) o] & 54
A’
74

1] $ 2} 9] generative model parameters F4 g 4~ It}

metric Emplrlcal Bayes(PEB)E]- 1’% Hhd

PEB 498 o ke A1) 2 W Ao/} ol parameter Aol S 2T
% ik E3 A ek 34 e Aol o] Q1AH AolE model parameter 7o) A A 4
sie.

9.5 Model A% I}A
Model 7|8 24 o A= modelo] AA]| Hlo|8 & A2 A™gst=%] &Qlst= o] st

9.5.1 Face Validity A%

14 modelo] A4

7t glole 7} AA| Y
modelo] HA| Y5 &l

I
)
9 AUHOR HAT 5 YA

1—

£ et

9.5.2 Parameter Recovery 4%

%5 modelo] parameter g AESIA 4T 4 QLA AZdoF Tt o2 93] A7A
L &2 parameter 4FS AFHESHY] 71 glolHE AASH H, model 9FA-E 435te] AT
parameter 7 THA] B8 4= QL= S 21T} o] 4L £ S4 parameters} AA 2 A4

7FetA Bt 4

9.6 Generative Model 95 AH|

Active Inference 7]¥t generative model-2 t}QFSt 95 Aol A A& E o] 9tt.

9.6.1 Adams 9

Adams @] ATLo]| A= smooth pursuit eye movementS 4 HS}7] £]St continuous generative model

o] ALG G}, o] AFeI A 0] 9179} Sz o} e
2 T

o] model& o] §3te] 742t A159] AFwot PAY paramcterS FAT 4 Y00, BF
dlo]e]9h @7l nenroimaging Hlo]ElS o]-g5te] subjective modelt} ¥ EF Apo]o] THAZ 24
stk

S

Z o] H4-E 0]-85}9] generative model



9.6.2 Mirza A+

Mirza®] Ao|x= Azt &4 TAE Y ot= 59 UEFYE= saccadic eye movementE F415}
ot Ad2t= POMDP 7|4t generative model-2 0]-85}o] o217} o QA2 =2 o] FA|7]
=215 sttt

o] ol A= 53] epistemic value 2 model evidenceE HHrh+=
7

gt
BAS @47] g9t o] ot HRE dr] 9t

9.7 False Inference®} A A A3 Modeling

Active Inference= 4 &S Ashs ©o] 24 modelz® AHEE & Ut F4 &2 FF

5 generative modelo|u 3 F2 Aoz si4d o ok

o Sol A2 prior beliefrt ZASIALE 247 JR precisiono] M 3FH o2 A5
B et #20] 9hd 4 AUk oleld AFH F2 B BN} Py 2L FHo=

UpeRd 4= 9lrt,

9.8 Precision?] 9g

Active Inferenceo]| A= B2 A o] A & e = precision©] ZQ5F &8-S Stct. Precision2
54 AR dupg A=[E 4= =2E U= Zidels ¢dlE 0] likelihood precision 72}
AEIF dup A= 4= Q=AE 9|t ¥ prior precision2 7]E9] WE-o] Aupit 75}
FAE=AE on]ettt

o] % gre] FHol AAE FRE F2o0 WAL 4 Aek. A Sof likelihood precisiono] 7
U2 A =0 noise7} ZE 742 AR E 951 A5 2 4= it} v & prior precision
o] AUAA oW MEL AEE Wolzo|x] Xotal 7|E WS AlE F2IsH 2 4 Sl

o2l precision®] o4 BztolL} WAk} e Al A AAS A o AHEE 5 9



Additional Study

IRDIEEE:
dd] AT Model®} Active Inference H] 1

A Al model(e.g., LLM, ANN)9] 244 AHH 11 Active Inference®} H| 1 5}4tt.

A.1 No Real-Time Update

Ao LLM model2 datag 7}A| 11 St5-& 5ol weight gha H2FA| 7Tt SEA| 9 ARGALQ} Hf 9} 6)=
7% frozen weight-& Ap-8sto] A gh5o] B7otth A Active Inferencer= A< AJ7FOl|A
A3t A7 Bt Y-S Tl AR FeAEeS 7R

response

. a

LLM

: static model

I A.1: 9] LLM9] frozen weight J-39} Active Inference®] AA|7F AFS A v

A.2 Collapsed Markov Blanket

At LLM2 Sh5% dataE ots5sto] ¢fo 2 o3 ©@olE oS5ttt o] 2]t model> 345 LHEL
W BREL srolo] 979 7S FUE Sb Aot Aol A A0 4R sinnila
of e 143t ejule] B7to] BokShe. u]g ToMe] of 5
emporal depthS 7} 4~ gl o™ o)== =2 temporal depthS

P o A=, §A4, 14, i, o Uobrt TEAE FASH o ofele 4 k.
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observation

action

Active Inference

: action-perception loop
719 A.2: Active Inference o|o]ZHE Q] AA|7F AHO|E HAYS

A.3 Lacks First Principles

ANN-Z o A5t 2} of= A1 E A8t ZA= vhto] sfdsh= 7IH o]t} Sh|RE, o] Hiwjo] A4
of| A ZFE-5fjoF gtot= 2] 7} @it Active Inference+= Hamiltonian2 A A 9] first principles=

Z5LO = ol
A T,



Experimental Validation of the Free-Energy
Principle with In Vitro Neural Networks

WA WE2 7|9t g A FAE AAste] 5 AEHHE J5H. & fEAE =7 29
|
=

FA= AA A=A 417 network(in vitro)7} free energy XA 3HS 53| Sh5olal 2ol A5
SHerE AdH o2 AEeE Aol

v 3 © 2 Karl Friston©] #|¢FSt free energy principle2 Z]Zto] Q)= ZA 71 A1 2] Y5 model
7} Q. 217 Ato] o] B U X (surprise T free energy) S Z|A3tote] = WFO E ﬂEO]'j oh¢t
t}a? Awse} SEA|RF 159 2 4254 modeling®]] 21331, AA| neuron Fof| A Q] 7=
s slsict

A o g F O] k| A EZE vt 417 network(MEA, Multi-Electrode Array)o] £
Z17] A= patterna 0] 242 simulationd}il, neuronso] o] Ap=of| oY W85kl SH5o}

AA 0 2 AA| neuron O] free energy= Z| A Sloh= HaFO 2 AZA A (synaptic plasticity)
S 5510, 9% A3 A ZFHE Wi modeld FATTIE AL ShelstAn

A2 9Fst HZ9 T4

of 20| E kel $RY SAL AL PA A U5k 71E BIEE BE 117} Boyesian
inference® ThT 78 ¥ 1 7130] B update 1 4-& AASHS WAlolglck. T2} o] =

Lo vt 2 A2k AR A Ao v 2] WSl o8 1 Whe- S JHAF A AW sl= generatlve
modelo] Roiel7] Q o
= 7 Aotk AA, BESHA AT o] AA 2 o]H A|A modelE A
= %‘i@@# olch. S, 1 generative model SH| = Thegt AFF A4S Hol
3 A7) 2488 ARA0R 5T 5 At Z, o] AT A4 s ope

o] Ao] AAZE AZEHYERE AHEH, AJLAL FH wjoto] mA AANERZ FTAE A
P W(in vitro) AL ALgRATh 18T o] AATe] 43S patternd FHA A gtgs}
POMDP 7|8} generative model-2 &4 #|5}9]t}.

Tt}He, o] generative model 2 HE 7tAA F2S T &6t AA AAT o] A7k utat o] 2 A
217] 223 E =2 E dS5ottt. 1 A, AA| A7 H3kE free energy X431 FAF 617
M e & dAlskan. F, o] A= olEo] datas @ngs}% g 227 91 A YE3HY

WslE oS3t A Holzrt

rr 1:19&
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o] ROl 55| F2e AL AAcHA Woel Bayesian W Afole] THHY thg AZ 7]
Al tH= Aot A4 Aifo] o2, A7 252 hidden state®] posteriorE encodingd}il,
714 SEBAL Alejof gt priorE, A2 74T = model parameter@] posteriorE encodingsh=
Aoz Sag

5, o] A2 ©et gho] ofyet A= SHE ERE FHS 2ok system O = o sfjgF
= Qleh. o]2fgh M2 o] AAE @kt Hlf o] ofet et o2 Rt o] B AAA 7=
4 8z oltt

o] =1 Tt Hebbian learningo] 9ff F426t2] &4-22| = APttt T Hebbian learning-
AP A5 priorg 7H B XA 81 generative modelo] SRttt

E3] blind source separation ZAE A2 s|2A5}7] A= Hebbian plasticity2} SFATA
plasticity o] w5 o] H Qsrtl F_tet. T18] 3 o] 2| ]t ot g o] H @]t o] fi+= free energy principle
2 St ApEg 49 4 k. =, o] ATE 24 54 FHo] AEFTHE AL Yol A
o) I3t A 0lolof St ol 2H 0 2 A s,

A6 AN A, o2, A7 G2 A

o] =EL o274 o2 Yol 4 AeT} ok G| AT ATONA 71 A FEAL prior
ol gk mebA prior} =E W A7 A = o=t

o] =22 AlR 9] 2 7IsAE AAISH). Free energy 7|HF Sh52 dAutr Qg gl =4

dHREo g 255t AEZoHA o 72 Bt si
le) ‘_‘H—(:)—_}__ 'I:;v}\c_)]'\% Z{Z‘jaj,, J—:’_E%, —E—)H/-‘:‘] 7]'—15'—??_}_' Igﬁ]i 0101?5:’1 _/'\_ O]q_‘ é7 O] ﬁ;}{_ 1_4 O]%(?_
Ao ZHA| T Al algorithm®] $HZ & B 2= olt},

A8 EE

AelstH o] A= vt T2 2 HolEr}h AA, free energy principle> AA| A4HS 4
FHOZ dZT 4+ Ak BA, 2T 152 S Qo2 FPAh AA, AR datas)
olgg AuH o AATTh YA, 4 A, AL H3}e 1510] §-§ stk

=
L OF5lH, o] g1++= free energy principleo] T<=3t AT o] o] ofv 2} AA| BESH] 4179
© =]
2]

=
A7) 245 AR A& 4 g WHde dgHon gzsigrt



