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Introduction

§ Model-Based

® model-free: reward 772 Wt 35 5h=(e.g., Q-learning)

® model-based: $7 2] dynamics modelS §45510] PF5H=(e.g., Active
Inference, Z% 2|¢Z P5)
B ¥ empirical dataE Active InferenceZ E3f ©]3}5}7]
§ Subjective Model & Objective Model
® subjective model: AA 2 &5l 9= 1@ 2}2] generative model
® objective model: 7}5t2}7} o &3t 1] P A}2] generative model

43 BE: parametersS 74 (£9)3}9] objective model& subjective modelx}
7}V535t §AFSHA HE7] — meta-Baysian method A&
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Meta-Bayesian Methods

meta-Bayesian inference: 35 #Z-S 53] ¢J © 2 generative model-S T&5}0]
AT A 9] inference model®]| tfs}o] 2 (inference)dl= A

O

Pr(u | 0, m)Pr(0 | m) = Pr(0 | u,m) Pr(u | m) (1)
——— e e — e —
likelihood prior posterior evidence

o714, u: TEH PF(data), §: 22 parameter, m: LG

§ T 95 (data)of] computational model-& Z-g5= 0]
i) computational phenotyping: 7}Ql(or 54 ) o] FF52 AFst= =g
parameter &7

¢}

o1& A= _,Zé measure(e.g., neuroimaging¥} 7|52 WA 2 E)E
HoJslor &

Note: Equation 194 posterior Pr(0 | u,m)& F3st= 14
ii) model comparison: t}Fst Hdo] o7 datas
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Note: Equation 194 evidence Pr(u | m)& F45}= 14
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Meta-Bayesian Methods
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Figure 1: Relationship between the subjective
and objective models of meta-Bayesian
inference. Inner dashed box: Subjective model
assumed to be used by an experimental subject.
This could be a POMDP model as illustrated
or some other form of model. The impor tant
features are that it depends on par ameters (6)
whose value we do not know and that it
generates sensory data (o). Outer dashed box:
Experimenter’s objective model (m) includes
prior beliefs about the par ameters and predicts
the behavior (u) we would expect on presenting
experimental stimuli (sensory data from the
subjective model’s perspective). Crucially, the
likelihood distribution of the objective model
depends on the subjective model. This means
we evaluate the likelihood of parameters taking
a particular value as follows. First, we
incorporate the parameters in the subjective
model. We then use the Active Inference
schemes described in previous chapters to solve
this model, presenting our experimental stimuli
as sensory data, and infer a distribution over
the most probable course of action. Finally, we
evaluate the probability of the observed actions
or choices, given this distribution. This is the
likelihood of observed behavior given
parameters and stimuli—i.e., the likelihood
distribution in the objective model.
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Meta-Bayesian Methods

§ meta-Bayesian method & 9]SF AFA| HHH
® Section 3: Equation 19] posterior Pr(6 | u, m)& F4-2 93l variational
Laplace i< A&

Note: evidence Pr(u | m)& variational laplace I} A 2H5 02 L7, 29
appendix A.3.2 11

® Section 4: o7 1 d2}L] datas EA|of BASt= parametric empirical
Bayes(PEB) "' A7
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Variational Laplace

§ Predictive Coding & Variational Laplace

* predictive coding: <7t 50195 77H0)s olZ9] 9342 Zof Ae(s)
AHlo|E — F X435}

® variational Laplace: data®?} model®] o Z9] @ A5 Z0o] parameter(0)
YHI°|E — F 43}

= & % FE objective function® 2 3}= isomorphicl A3}t

L =logPr(a | 6, m,0o)
Pr(a | 0,m,0) = u-o(0qloga)
U=
T =

* subject: 75 M40 4 9k B ©F 2 - FA) SN BF @ B4

® scientist: S| 3JFo] L} &ES AXFeH(likelihood)
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Variational Laplace

variational LaplaceE 112]5}] Equation 22 ZA}SHH...

1
log Pr(a | m,d) ~ L(u) + 3 (s -TTWe 4 log ‘Vwﬁ(u) - 1'[(1)‘)

e=n—p
[ = arg max {ﬂ(,u) - é <54H<1)5+10g‘vu“£(u) — }
m

Laplace approximation2 2-85}11, Gaussian© 2 LASH] 919 34| F7hA] T+
o] & 294 g2 JJHVP(mode)oﬂ o] 00] wo] AYekat 1

uol\

fo=VuL(p)+1We

gradient descentE F3l 4

I

xel
&

-

Loj7) Aok AAte] &S 918 2AFSIA|T, predictive codingd wlEslT A= o] Aekghr}??
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Parametric Empirical Bayes(PEB)

BE: ofg] M@ datad SAo) £4817] — Ho] FEH parametertt 7HlE
5= parameters S 4 Q1S
Pr(0 | 8, X) = N(X8,11?) (5)

2 o7)4 X 7 bAE oz, 4 B4 W4E daehis matrixe]n], A G920
271, % A 2

2covariance ¥ T4l precision ITI = £~ A1851= 2L AR o]20] BHS H(EL AXL && Z7),
()L solo] ofd Aet fezo] U2 =

35}
=i
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‘ Data collection ° POMDP model ° Likelihood function

=1
O . ) Q
b @ s

Chapter 7 0. o, [
P@|6,05,m)

=

° PEB analysis ° Invert model a Prior beliefs

P(6|m, b, ) PO | m)
o P(6 | m) P(ii | 6, 5, m)

| _L AN

6=Xp+w

Figure 2: Roadmap of the six-step
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