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1. L og model evidencefor behavioural data

This appendix describes how we evaluated the ladeeee for our linear observation
model of reaction times, which has the form:

Y=XB+e=
oY, .07 |m) = (27) * 20 ex;{_ (Y - x8) (v - Xﬁ)} (A1)
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Here,Y represents the data (response speesis a design matrix anfi ~ N(0.07)
are normally distributed errors. Using Jeffreydrfrinformative) priors forg and o

(i.,e.~10~1/0) , the evidence is given by

p(Y|m) = [ [ p(Y, 8.0 [m)d Bdo

-r/2 (A2)
rd-r-1)0 /2y

- (Zn)(r—d)lz ‘ XT X

wherer is the number of parametedsis the number of data-points and

A=y =x(x X)X A3)
is the sum of squared residuals. Therefore therlodel evidence is

Iog(p(Y|m)) = % log(277) - VZ IogQXT X‘)+ log(r (d —r —1))+(r +1- d)log(%)
(A4)

This is an exact expression for the log evidendhisfmodel. It can be generalized to
include observation models whose design matrixnferimed by the trial-b-trial
estimates of an underlying learning model with peetersé (e.g. the learning rate in
the Rescorla-Wagner model):

y=X(8)B+e (A5)

Assuming that the residuals are Gaussian- N(O,azld)) yields the likelihood
function, i.e.:

p(y]6.8.0)=N(X(8)B.07,) (A6)
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We now can integrate over botB and o to yield the restricted data likelihood
p(y[6.m):

p(y|6.m) =J' p(y|9,ﬁ,a,m)wwdﬁda

N " r+1-d (A7)
=(2m)" " r (d-r —1)‘x (8)" X (6) " [@j

where we used Jeffreys’ (non-informative) priors 8 and o, and the sum of
squared estimated residual erd8) = £'£ is given by:

-1

M6)=y"1,-x(8)(x(6) x(¢)

X (e)T) y (A8)

This (restricted) likelihood function is obvioustpt conjugate to, for example, simple
Gaussian priors 0f. This means that there is no analytical expres&iothe model

evidencep(y|m):

p(y|m):j p(y|€,m) p(6’|m)d6’ (A9)

However, it is possible to use the so-called Lapkagproximation (e.g. see (Friston et
al., 2007)) to finesse this difficult integratiomoplem. First, let us derive a second-

order Taylor expansion to the log restricted liketd (LReL)t(H):

t(6) =In p(y|6,m)
(2o 2
-H(8)

(e— é) (A10)

where H (é) = —s—;
6

non-informative priors fo@, the log model evidence can be approximated as:

is the negative Hessian of the LReL. Then, unedirel/'s

In p(y|m) =In Jexp(t(@))dé?

=t(6)+%€ln 27T+%In‘H (é)_l‘ . (A11)

=In p(y‘é, m)+%’ln Zﬂ—%ln‘H (9)

F



Supplemental Materials

where r, is the dimensionality of parameter vectér (i.e. the number of free
parameters in the underlying learning model).
In equation 7,F =1In p(y|m) is referred to as the Laplace approximation tontloelel

evidence. Note that the well-known Bayesian InfdromaCriterion (BIC) is simply
the asymptotic limitd — « ) to F, as given above:

F=In p(y‘é, m)+r—"|n 271—E In
%/—J 2

iy

o(d) oy O(rpInd)

(A12)
OBTL In p(y‘é, m)—%glnd

y iid

BIC

Note that when the underlying learning model ha$ree parameters the%rln d=0

and Eqg. Al12 reduces to the exact expression foldfpeevidence in Eq. A4. This
means that Eq. A12 can be used to compare any\walger models, even if they
differ in the number of parameters of the undedyliearning model.

2. Bayesian volatility-based associative lear ning model

We start with the premise that subjects represemifer the causes of their sensory
inputs and optimise their behaviour on the basithif inference. From a Bayesian
perspective, the brain is aserver of its own sensory signals. This means subjects
invert some forward or generative model of sensorguts to represent the
unobserved (hidden) causes of that input. Any legrthen relies strongly on the
subject’s model of the world (the perceptual mgodeflich determines predictions,
and hence, prediction error. This Bayesian perspebgs already been used to model
behavioural decisions (e.g. (Kording et al., 2007).

In what follows, we describe the volatility-baseergeptual model used in this study
to estimate the volatility and probabilities of thbserved events (i.e. cue-outcome
pairs). This model is based on the proposal by &shet al. (Behrens et al., 2007)
and subsumes the set of probabilistic assumptibasbtain encodes in order to
represent the causes of paired audio-visual stirfitlé perceptual model generates
sensory inputu (e.g., experimental stimuli) from hidden causes (e.g.,

experimental factors or environmental states) amd loe expressed in terms of a

likelihood model p(u|x) and prior beliefsp(x). The states of the worlat are

unknown to the subject but are under experimeraatrol. In our exampley is a
series of cue-outcome pairs, presented to the whisemand x encodes the
probabilistic cue-outcome association that the exttdpas to learn in order to predict
its environment adequately. The prior belief itseldlecomposed into a hierarchy of
conditional probability density functions, as wik described bellow.

Let u, be the outcome at trikbe a multinomial random variate such that:



Supplemental Materials

ug,r, )= Mult(ut ‘rt )

e

where(rti )i:l""n is anx1 vector of probabilities describing completely thistribution

p(u

of then possible outcomes. This forms the likelihood of ganerative model. Note
that from there on, we will consider that eachhef tuesu; is associated with its own

likelihood, and consequently, its own generativedelo This means that everything
we state below is conditional on the given cue.asonsequence, the Bayesian
inversion of such a set of generative models isspeific, and has to be replicated
for all different cues.

This vector of cue-outcome association probabdlitebeysa priori the following
Dirichlet distribution:

p(rt|rt—1ivt) = Dir(rt|at)
_ ra) o PP
TR

This transition density is actually a martingale; it is a first order Markov process
whose current first order moment is equal to isvpus realization:

(r)y=r.,.

Furthermore, the precision (i.e. inverse variarafethe transition fromr,_, tor, is
parameterized by a scalar quantity, which measures the volatility of the
environment:

n
1=1

34 =exp(-v)+1
i=1

The volatility itself is assumed to vary over tilms a martingale, and the above
parameterization makes a simple AR(1) model possibl

P(Ve My K) = N (v v, K)

=1 exp(—i(v -V, )zj
’ZﬂK 2K t t-1

where K is the prior variance of the volatility, i.e. thelatility’s volatility.

The prior onK itself is supposed to be non-informative, i.e.:

p(K)DO1.
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To summarize, the generative model assumes thewioljy cascade of events
(illustrated in the graph in Figure S1):

1-

2-

A value for the volatility varianc& is randomly drawn from its prior pdf
p(K). Then, at each triaf

This value determines the transition pdf of theatity. Then, a first valuey,
is randomly drawn fromp (v, |v_;, K ).

Knowing the volatilityv, then allow us to derive the transition density for
Then, a value for the cue-outcome association fibtyais drawn from

p(rt |rt_1,vt).

This finally defines the likelihood of the outcoritgelf: the first outcomey, is

)
The steps 2, 3 and 4 are repeated in time, giveggto three time series for
the volatility v,, the cue-outcome association probabitjtyand the observed

outcomesy, .

then drawn randomly frorrp(q

Figure S1. Graph illustration of the volatility model. u= observed outcome at tril r, = cue-
outcome association probability= volatility; K = variance of the volatility.

The model assumes that the observer updates itsripodelief on-line, in the light
of incoming data, in a Kalman filter-like manneheTjoint posterior pdf over the full

set of unknown variables, nameiyz{K,v, r} , then follows the following prediction
and update steps:
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prediction:p(r, % K|u-r) = [[ B(%[fcs Yies) P(W Vs K) P(1s Vios K|y g

_ p(rthth‘un—l) p(ut|rt)
updatep(rt Vi K‘UJJ)_J“- p(rt,\/t,K‘UH_l) p(ut|rt)drtdvtdK

These two steps are iterated as long as new datemeasured and, after each cue-
outcome observation, yield estimates of both theeot cue-outcome association
probability r, and the environmental volatility,, as well as an estimator of the static
volatility’s variance K, given all previously observed data. In the présémndy, the
trajectory of these estimates as a function of t{nal t) served as predictors for

behavioural data (response speeds) and neuroimagitag(fMRI data in SPM and
DCM analyses).
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3. Alter native lear ning models

In addition to the two learning models describedhi@ main text (i.e. a linear model
based on the true probabilities generating theuwtismsequence and a hierarchical
Bayesian observer), we tested three further modelmwing suggestions by our
reviewers. Firstly we employed a simple "model-freeinforcement learning
approach using a classical Rescorla-Wagner learmioglel. As there were no
significant differences in behaviour for the tweesusee main text), the model fitted
one joint learning rate for both cue types. Theaisgive strengths Mof the cues to
the outcomes (face = 1, house = 0) were modelledrding to the equation

Vi =V, t a(/‘t—l _Vt—l)

where ) is the outcome (face our house) andenotes the learning rate, which is
fitted for each individual subject.

The Rescorla Wagner model, like the Bayesian legrmnodel, has no explicit
knowledge of the task structure. It is conceivabtayever, that over the course of the
experiment the subjects learned to recognise gwate levels of predictability of the
cues. Therefore, we tested two additional moded$ thd represent the underlying
structure of the task. These models consisted ofvariants of a first order hidden
Markov model (HMM), which were used to model thewsences of observed cue-
outcome combinations (Rabiner, 1989). An HMM ise& af hidden states, each of
which is probabilistically associated with an obsddle output (in our case a cue-
outcome combination). Transitions between stategurocstochastically; the
conditional probabilities (transition probabilitjeare such that the state at time t
depends only on the state at time t-1 (Markov priypeln the HMMs used here, five
hidden states were used to represent the five elesdevels of associative cue
strengths. This knowledge about the levels of daatwe strengths in the experiment
enabled the model to represent the subject’'s gaténtetalearning” about the levels
that the strengths could change to, allowing fatd&m jumps between levels when
associations changed rather than having to le@m #mew each time.

We used the Baum-Welch algorithm (also known asvdod-backward algorithm
(Baum et al., 1970)) to find the transition mattat best explained the observed cue-
outcome combinations. In a first version of the HMMIMM fixed" in Fig. S1 and
Table S1), the optimal transition matrix was learmieom the entire observed
sequence. However, this equates inference witilegyr and assumes that subjects
know the structure of the task from the start ef éixperiment. An alternative scheme
("HMM learn") is to update the transition matrixceatime an observation is made,
that is, to run the Baum-Welch algorithm at eac &inew, using the trial sequences

{[1’ 2111.2,3)... .[1..N } A priori, i.e. at the start of the experimerfiterte was an
equal belief to be in each of the 5 states.

Figure S2 shows the estimated probability of okisgra face following one of the CS

in block 3, (cf. figure 1C main text) as computgddach of the four learning models
and juxtaposes these trial-by-trial estimates éotthe probabilities. For each of these
models the log model evidence was calculated awifled in section S1, taking into

account the additional parameter of the RW model {he learning rate) by means of
the Bayesian Information Criterion.
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Figure S2. p(F|CS) as estimated by the various models.
The model evidences were then used for a randoectefBayesian model selection
across subjects (see main text). The hierarchiegleBian learner turned out to be

superior to any of the other tested models (Talle Bith an exceedance probability
of 66% that this model was more likely than anyeotimodel considered.

Table S1. BM Sresultsfor behavioural model comparison

Dirichlet Exceedance
parametersq  probability ¢
True categorical model 1.00 0.00
Bayesian volatility model 8.99 0.66
HMM (fixed) 6.53 0.22
HMM (learn) 3.39 0.02
Rescorla Wagner 5.11 0.09

4. Additional SPM results

The main text deals only with key questions of res¢ for this study, namely
characterization of stimulus-independent and stiisugipecific surprise responses and
connectivity changes. For completeness, the mesofit additional analyses are
reported here; these include a detailed analysthefmain effects of the stimuli as
well as an analysis of regional responses assdardgth the estimated volatility of the
probabilistic associations.
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Stimulus main effectsin FFA and PPA

As expected, the mid fusiform gyrus was activatedarstrongly tdace stimuli than
to house stimuli (FFA, Table S1), and the parahippocampwiug showed the
opposite effect (PPA, Table S1). At the group latael FFA activation was significant
at whole brain corrected level only in the rightrtigphere, but the left FFA activation
was significant within an anatomically defined RO the fusiform gyrus (table S1).

Volatility dependent brain activations

Although this was not the focus of this study, dompletion we also tested in which
areas activity increased or decreased with thd-dyidrial volatility estimates.
Following the results by Behrens et al., (2007)pwdemonstrated that ACC activity
correlated with volatility estimates during rewalearning, we tested whether
volatility encoding in the ACC would also be presem our purely perceptual
paradigm which did not include any rewards. Fig8&®A shows the trial-by-trial
estimates of the volatility for session 3 (compfigare 1C in the main text for the
parallel probability estimates). Indeed, activitythe dorsal and rostral ACC and the
ventromedial prefrontal cortex correlated signifitta with the volatility estimates
(Table S2 and Fig. S3B-C).

Although the use of a volatile environment was a@henomenon of primary interest
for this study, but merely a means of enforcing tocwous learning (and thus

maximising induction of synaptic plasticity and berchanges in connectivity), it is

noteworthy that our analysis of volatility effectplicated previous results (Behrens
et al., 2007).

200 440 480 520 560 600
Tria

Figure S3. Volatility effects. A) Trial-by-trial estimates of the volatility. Bluenke = true probabilities,
black = volatility. (B,C) The anterior cingulate cortex and ventromedial norg&l cortex show a
positive correlation with the volatility estimatd the Bayesian observer model, here shown in a
sagittal(A) and axia(B) slice
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Table S2. MNI coordinates and Z-valuesfor significantly activated regions
MNI coords.

Foci of activation X y VA Z score

Main effects of sensory stimulation

House>Face
R parahippocampal gyrus 30 -51 12 7.01

L parahippocampal gyrus -24  -57 -18 6.70
Face> House

R mid fusiform gyrus 45 57 24 542
L amygdala 21 -12 -9 431
L mid fusiform gyrus -45 54 -21 3.47

Volatility effects

positive correlation

Ventromedial prefrontal ctx 3 48 -9 3.64

ok

ACC -12 45 9 4.11
Ventral ACC/ subgenualctx -6 36 -3 357
L caudate/thalamus* 21 -9 9 4.32

negative correlation
No significant activations.

* significant at p<0.05 FEW cluster-level correctetoss the whole-brain
** gignificant at p<0.05 cluster-level corrected fopriori region of interest

5. Optimisation of fixed connections (DCM)

In order to optimise the fixed connections, a basadel was defined that included
the minimal number of connections necessary tottesthypothesis outlined in the
main text. The endogenous connectivity of this imial’ model was then optimised
by systematically adding connections. A random a$feBayesian model selection
(BMS) procedure was then used to select the optimadlel at the group level
(Stephan et al., 2009). This procedure quantifiesrelative goodness of models in
terms of exceedance probabilities which denote the probability that models
superior to any other model considered, given @@ drom all subjects. Note that
exceedance probabilities are a function of modakepfor example, because they
sum to unity over all models considered, they des®e monotonically when
increasing the set of alternative models. Theythos to be interpreted in relative,
not absolute terms.

A minimal model (Figure S4, jhincluded only the endogenous connections from the
sensory areas to the PMd, and these connectiomsm@dulated by the activity from
the putamen. An additional six models ,{m;) were derived from this basic
architecture in two steps. In a first step, we cared all combinations of endogenous

10
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connections between PPA, FFA and PMd-(m) and two models (g ms) with
connections to the putamen from the visual and ptencortex, respectively. Model
ms tested whether there was any direct influence oA Bnd PPA on the putamen.
Model my included a direct connection from the PMd to thwamen (Fig. S4, g
because there exist direct projections from thempter cortex to the putamen
(Takada et al., 1998;Leh et al., 2007). Based saggestion by one of our reviewers
we also included 2 models in which Face and Hotiseuk directly entered PPA and
FFA, respectively. For this, we tested a model ith) and without (rg) reciprocal
connections between the PPA and FFA.

Note that comparing DCMs with additional connecs$iaa not equivalent to testing
whether these connections do or do not exist ariastlyy but whether these
connections play a functional role in the processletled. Comparing all six models
(m1-mg) against each other using random effects BMS, inodéurned out to be the
best model, i.e. a model with full reciprocal cocingty between PPA, FFA and PMd
(but not direct connections from either visual arear PMd to the putamen). The
exceedance probability for modelsnvas ¢, = 0.44, surpassing the exceedance

probabilities of all other models (which rangednifir6.01 to 0.28; see Table S3).

Once we had identified the most likely pattern ofiigections among the areas, we
constructed an additional modety,) and compared this to model,nm order to
verify the specificity of the modulatory influenegerted by the putamen (note that in
the main textry is referred to amy). Since the putamen and the PMd showed similar
prediction error related activations (Fig. 3, maart), we wished to demonstrate that
putamen activity gated visuomotor connections (F@., main text), instead of
premotor activity gating visuostriatal connectiqi#y. 4B, main text). Indeed, BMS
showed that the reversed modek,(mvith PMd as source of modulatory effects) was
clearly inferior to the original model ¢gnwith the putamen as source of modulatory
effects), with an exceedance probability of 99%awour of the latter (see Fig. 4D,
main text).

Table S3. BMSresultsfor models m;-mg

Dirichlet Exceedance
parameters a probability ¢

my 1.68 0.01

m, 411 0.17

ms 1.70 0.01

my 5.63 0.44

Mmsg 3.06 0.07

Mg 4.81 0.28

m- 1.02 0.00

mg 1.00 0.00

11
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my ms ms My
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Figure $4. Alternative DCMs. M; includes the minimal connections needed to mduelabserved
modulatory effects in the premotor cortex (PMd)stmodel includes endogenous connections from
the PPA and FFA to the PMd, and these connectioasmedulated by output activity from the
putamen. Models 2-4 then add or exclude connecbetseen the sensory and premotor areas. Model
5 includes direct connections from the sensorysategputamen, and model 6 includes a connection
from PMd to the putamen. Model 7 and 8 includedimeputs of both visual stimulus types to both the
PPA and FFA. In an additional modefy,) the role of the putamen and the PMd were swaspeti
that PMd activity modulated visual afferents to theamen,; this model is shown in Figure 4C in the
main text.

12
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