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Overview
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Measurement Noise
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Measurement Noise
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Process Noise

Kn=(Wn-1+ 2) / (Wn-1 + Z + Noise)

Mn = Mn-1 + Kn-1 (On - Mn-1)

Whn = (1 - Kn-1 ) (Wn—1 + Z) ‘;i
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Kalman Filter

kn=(Wn-1+ 2) / (Wn-1 + Z + noise)

Mn = Mn-1 + Kn-1 (On - mn—1)

Wn=(1 - Kn-1) (Wn-1 + 2)
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Volatile Kalman Filter (V KF) Piray, P, & Daw, N. D. (2020)

Kn=(Wn-1+ Zn-1) / (Wn-1 + Zn-1 + NOISE)

Mn =Mhn-1 + Kn-1 (On - Mn-1)

Wn=(1 - Kn-1) (Wn-1 + Zn-1)

It iIs not noise, It’s a change In the environment!
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An Example
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VKF as Perceptual Model

Volatility
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Model

Agent nput World

perceptual model
parameters

hidden
state

inferred
state

response model
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response

Frassle, S., et al. (2021); Mathys, C. D., et al., (2014)



volatility
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vO — initial volatility
sigma_v — volatility learning rate

g Perceptual Model omega —» perception of volatility

for (tin 1:N) {

o = GO[t]; // input Initial Values
mpre = m; // prediction W = omega
wpre = w; // variance v =v0

predictions[t] = m; m =0 (i.e., .50
volatility[t] = v; // volatility
delta_m = o - sigmoid(mpre); // prediction error (pe)

k=(wpre +vVv)/(wpre + v+ omega); //Kalman Gain

m = mpre + sqgrt(wpre + v) * delta_m; // prediction update

w = (1 -K)* (wpre + v); // variance update

wcov = (1 - K) * wpre; // covariance

delta_v = (m-mpre)*2 + wpre + w - 2*wcov - V; // volatility pe
Y =V + sigma Vv * delta_v; // volatility update

) N



6 Response model (reaction times, RT)

for (nin 1:N) {

real T = RT[n] - ndt; // decision time = RT - non-decision time
real mu = intercept + predictions[n] * beta
log_lik[n] = lognormal_Ilpdf( T | mu, sigma);

}

target += sum(log_liKk);

}



Volatility and Predictions
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omega —» perception of volatility

BUt vO — initial volatility
EEN

sigma_v — volatility learning rate
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Simulation and Parameter Recovery

Examples with priors centred on the true values vs. not



Parameter Recovery 0 —» initial volatlty

. : _ sigma_v volatility learning rate
N—SUbJ - 1’ N_tI’Ia|S = 22400 omega —» perception of volatility
Priors centred on true values

omega sigma_v vO
0.45 0.50 0.55 0.60 0.00 0.25 0.50 0.75 0 1 2 3 4
intercept beta ndt
Estimated
I True
4.750 4.775 4.800 4.825 -0.32 -0.31 -0.30 -0.29 -0.28 145.0 147.5 150.0 152.5 155.0
sigma

0.290 0.295 0.300 0.305 0.310 0.315



vO — initial volatility

Parameter Recovery sigma_v  volatility learning rate
omega —>» perception of volatility
N_subj =1, N_trials = 22400

Incorrect priors: omega ~ N(3,1); sigma_v ~ N(0.9,0.5); vO ~ N(0.3,1)

omega sigma_v vO
045 050 055 060 065 0.700.00 025 050 075 1.00 0 . 2 3
intercept beta ndt
Estimated
I True
4750 4.775 4.800 4.825 _0.32 ~0.30 _0.28 1475 150.0 1525 155.0 157.5
sigma

0.29 0.30 0.31 0.32



Perceptual Model

for (t in 1:N) {
o = GOIt]; // input

mpre = m; // prediction

Initial Values
W = omega

wpre = w; // variance
predictions[t] = m;

volatility[t] = v; // volatility
delta_m = o - sigmoid(mpre); // prediction error (pe)

k = (wpre + v) / (wpre + v+ omega); // Kalman Gain

m = mpre + sqrt(wpre + v) * delta_m; // prediction update

w = (1 - k) * (wpre + v); // variance update

wcov = (1 - k) * wpre; // covariance

delta_v = (m-mpre)*2 + w + wpre - 2*wcov - v; // volatility pe
Y =V + sigma_v " delta_v; // volatility update
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Parameter Recovery
N_subj =1, N_trials = 448
Priors centred on true values

omega sigma_v
0.0 05 1.0 15 20 000 025 050
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vO — 2

Parameter Recovery sigma_v volatility learning rate

N_subj =1, N_trials = 448 omega —» perception of volatility

Incorrect priors: omega ~ N(3,1); sigma_v ~ N(0.9,0.5)

omega sigma_v intercept
0:5 1:0 O.bO O..I25 O.I50 O.I75 1.2)0 46 47 48 49 50 Estimated
beta ndt sigma

I True

_0.45 -0.40 —-0.35 —-0.30 —0.25 130 140 150 160 170 1800.25 030 035 0.40



vO — 2

Parameter Recovery sigma_v volatility learning rate

N SUbj — 1. N trials = 4480 omega — perception of volatility

Incorrect priors: omega ~ N(3,1); sigma_v ~ N(0.9,0.5)

omega sigma_v intercept
0.4 0.5 0.6 0.7 0.00 0.25 0.50 0.75 1.00 4.8 4.9 Estimated
beta ndt sigma

I True

-0.300 -0.275 -0.250 130 140 150 0.27 0.29 0.31



N_subj = 30; N_trials = 448; VO = 4;

Priors on true values: intercept = 5.30; ndt = 150; beta = -0.3; omega = 0.5; sigma_v = 0.1
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Take home message:
Cognitive modeling is cool but...

Test models before trust them!



¥ Thanks!

Roberta Sellaro

Nicola Cellini
Antonino Visalli
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