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Supplemental Material

Introduction and assumptions
In this section, we outline a simplified example of Bayesian modeling describing the putative acquisition of priors for the valence of facial expressions. In the context of Predictive Processing, this is sometimes referred to as "Bayesian belief updating" in the sense that the prior and posterior probability distributions may be interpreted as belief states about unknown parameters of the world (Friston, 2010).
Indeed, Bayesian models are increasingly popular in Psychology at large (e.g., van de Schoot, Winter, Ryan, Zondervan-Zwijnenburg, & Depaoli, 2017; Vincent, 2015) as well as in Developmental Psychology (Perfors, Tenenbaum, Griffiths, & Xu, 2011; Schoot et al., 2014). However, the actual quantitative methods for model specification and parameter estimation can be quite difficult to grasp and to implement. Several treatments of the topic exist, ranging from introductory (Dienes, 2008) to advanced (Bolstad & Curran, 2017).
	The present example is a very simplified approach to demonstrate the rationale that we have presented in the main text. Specifically, we present a series of possible developmental steps during the acquisition of perceptual beliefs using Bayesian inference on simulated data. To model the concepts under analysis quantitatively we make several assumptions. Specifically we assume that:
1. the prior expectations, the likelihoods (the sensory input), and the posterior distributions (that result from combining priors and likelihoods) can be modelled as normal distributions;
2. the standard deviation of the population can be approximated by the standard deviation of the likelihood, and is assumed to be constant (this is a simplifying condition, meaning that we have focused only on Bayesian estimation of the mean, but under realistic conditions both the mean and standard deviation are unknown and must be simultaneously estimated);
3. the perception of facial valence likely entails multiple quantities that are encoded at different levels of the cortical hierarchy, but for practicality and clarity, we considered that the valence of facial expressions can be considered as a unidimensional construct, defined quantitatively as varying between positive (pleasant), zero (neutral), and negative (unpleasant) values.

Example of Bayesian belief updating 
[bookmark: _GoBack]	All simulations and analyses were conducted in R (v3.5; R Core Team, 2018) using the Bolstad package (v0.2-40, by James Curran and William Bolstad) for Bayesian Inference. The R code used to simulate data and run the analyses is presented in the appendix of the present document.
	For the present example we have obtained simulated observations randomly drawn from normal distributions with positive (M = 1.5, SD = 3) or negative means (M = -1.5, SD = 3) in order to model exposure to positively or negatively valenced stimuli. These data were used to compute the likelihoods and are summarized in Figure S1. Priors were designed as normal distributions by inputting the respective mean and standard deviation.
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Figure S1. Histograms of the simulated data: two distributions were generated to have positive means (representing positively valenced stimuli) and one to have a negative mean (representing negatively valenced stimuli).

Step 1: A non-informative prior and early exposure to pleasant facial expressions
	Early in development, the prior expectation for the valence of facial expressions is likely to be undefined. This means that the prior distribution is non-informative (e.g., a flat uniform distribution or a normal distribution with a large standard deviation; Schoot et al., 2014). In this example, we considered a normal prior with mean of 0 and a standard deviation of 2 (red line in Figure S2).
	In situations like these, where the prior is uninformative, the likelihood or sensory input will be highly influential in determining the parameters of the posterior distribution. One plausible assumption for children from low-risk samples is that their exposure to unpleasant faces is infrequent in the first months of life. As such, we simulated a sample of observations with positive mean valence (Positive Mean 1 from Figure S1) and derived respective the likelihood (green line in Figure S2).
	Finally, we computed the posterior distribution based on the prior and likelihood using the Bolstad package. As it can be seen in Figure S2, the posterior (blue line) was strongly influenced by the likelihood. This would represent the change from an early uninformative prediction to an updated perceptual prediction that expects pleasant facial expressions, given the exposure to those kinds of stimuli.
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Figure S2. Posterior distribution resulting from a non-informative prior and likelihood distribution with positive mean (representing early exposure to pleasant facial expressions).

Step 2a: Additional exposure to pleasant facial expressions after Step 1
	Establishing a prediction that expects pleasant faces means that the posterior distribution from Step 1 (blue line in Figure S2) becomes the prior for Step 2a (red line in Figure S3). If there is additional exposure to pleasant faces at this stage, then the prediction of pleasant faces should become stronger. To model this we simulated another sample of observations with positive mean valence (Positive Mean 2 from Figure S1) and derived respective the likelihood (green line in Figure S3). The resulting posterior distribution (blue line in Figure S3) remains centered in a positive mean, showing a strengthened prediction of pleasant facial expressions.
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Figure S3. Posterior distribution resulting from the prior inherited from Step 1 and a new likelihood distribution with positive mean (representing additional early exposure to pleasant facial expressions).

Step 2b: Exposure to unpleasant facial expressions after Step 1
	An alternative possibility following Step 1 would be to experience unpleasant expressions (negative valence). Figure S4 represents the Bayesian updating of the prediction for this scenario. Here the prior is again the posterior from Step 1, but the likelihood is derived from a sample of observations with negative mean valence (Negative Mean from Figure S1). Note that the resulting posterior distribution (blue line in Figure S4) has shifted in mean from a positive to a value that is close to zero, which corresponds to the Bayes optimal combination of previous information.
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Figure S4. Posterior distribution resulting from the prior inherited from Step 1 and a new likelihood distribution with negative mean (representing exposure to unpleasant facial expressions).

Concluding remarks
	We designed the present simulations to demonstrate how Bayesian modelling could account for perceptual learning and inference in a way that is consistent with the principles of Predictive Processing as a form of Bayesian inference. The models themselves are based on a series of assumptions and simplifying conditions, but demonstrate key aspects of the approach. Specifically, this approach shows how perceptual experience may be progressively integrated throughout development, leading to the establishment of internal predictions that, in turn, influence how future experiences are processed.
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Appendix: R Code
# # INSTALLING AND LOADING PACKAGES
# # Check if required R libraries are installed, and install them if needed
if(!is.element("Bolstad",installed.packages()[,1])){
 install.packages("Bolstad", dep=TRUE, repos = "http://cran.us.r-project.org")}
library(Bolstad)
citation("Bolstad")

# # GENERATE SIMULATED DATA 
# # Code to generate a random sample of 10 cases from a normal distribution:
# # N(mu=1.5,sigma=3) -- positive mean:
# data_positive <- rnorm(10, mean=1.5, sd = 3)

# # Fixed values for variable 'data_positive', for reproducibility:
data_positive <- c(4.0229309, -2.5237051, 4.1073877, 3.7783241, -0.3590624,
                   4.2739736, 3.0176660, -1.0915435, -0.7866898, 0.7950243)
data_positive2 <- c(-0.1950214, 2.9765382, 0.4718532, 1.4397707, 2.5978735, 
                    -0.9213107, -1.7409363, 0.2314613, 1.0685105, 3.2636020)

# # Code to generate a random sample of 10 cases from a normal distribution: 
# # N(mu=-1.5,sigma=3) -- negative mean:
# data_negative <- rnorm(10, mean=-1.5, sd = 3)

# # Fixed values for variable 'data_negative' for reproducibility:
data_negative <- c(-0.3915935, -1.1759939, -0.6080052, -0.9450684, -1.0244811,
                   -0.5608454, -2.6402148, 1.9562143, -2.0270737, -3.7719281)

# # Code to visualize histograms of simulated data (optimized for RStudio viewing)
par(mfrow=c(1,3), mar=c(5,3,2,2))
hist(data_positive, xlim=c(-6,6), ylim=c(0,4), main="Positive Mean 1 (Step 1)",
     xlab=paste0("M = ",round(mean(data_positive),2),", SD = ",
     round(sd(data_positive),2)) )
hist(data_positive2, xlim=c(-6,6), ylim=c(0,4), main="Positive Mean 2 (Step
     2a)", xlab=paste0("M = ",round(mean(data_positive2),2),", SD = ",
     round(sd(data_positive2),2)) )
hist(data_negative, xlim=c(-6,6), ylim=c(0,4), main="Negative Mean (Step 2b)",
     xlab=paste0("M = ",round(mean(data_negative),2),", SD = ",
     round(sd(data_negative),2)) )

# # BAYESIAN INFERENCE EXAMPLES 
# # Code to configure plot output in order to visualize the results in RStudio
par( mfrow=c(2,1), mar=c(0,0,0,0), mai=c(0.5,0.5,0.5,0.5) )
    
# # step 1 - uninformative prior + positive likelihood (stimulus)
step1 <- normnp(x = data_positive, m.x = 0, s.x = 2, plot = FALSE)
plot(step1, which=1:3, xlim=c(-3,3), main=NULL, xlab="Valence")

# # step 2a - posterior from step 1 as prior + positive likelihood (stimulus)
step2a <- normnp(x = data_positive2, m.x = mean(step1), s.x = sd(step1), plot =
                 FALSE)
plot(step2a, which=1:3, xlim=c(-3,3), main=NULL, xlab="Valence")

# # step 2b - posterior from step 1 as prior + negative likelihood (stimulus)
step2b <- normnp(x = data_negative, m.x = mean(step1), s.x = sd(step1), plot =
                 FALSE)
plot(step2b, which=1:3, xlim=c(-3,3), main=NULL, xlab="Valence")
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