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Little bit about myself...

Eye-tracking EEG fMRI

https://github.com /junpenglao/
http://junpenglao.xyz




Eye movement

Yarbus, A. L. (1967)




The Question:
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Fixations

Group A




NHST using ROI:




Data-driven analysis

Group A Group B




Spatial mapping of fixation data
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Smoothing
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Does size matter?

Kernel Size 1.41 Kernel Size 2.12 Kernel Size 2.83 Kernel Size 3.53 Kernel Size 4.24



Rethinking
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(Gaussian Process

Gaussian distribution with infinite dimension

p(x) ~ GP(m(x), k(x,x"))

1
p(f(x)) ~ GP(m(x) = 0, k(x,x") = BXP(—E(X - xr)z))



Posterior prediction with GP

flX,, X, f ~ N(KX,.,X)KX, X)"Yf, K(X,, X.) — KX, X\)K(X, X)" K (X, X..))
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Kernels / Covariance functions
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Kernels / Covariance functions

Covariance Matrix K as a function of x - 2*
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Kernels / Covariance functions

cov_latent = tau * pm.gp.cov.ExpQuad(Dim, length_scale)
cov_noise =sigmaZ2 * tt.eye(n)
Cov_func = cov_latent(X) + cov_noise)()

Samples from GP Pricr

r | J ﬂf’g}'m,/\\ v
A QWIW ¥

(O (25 50 75 100 125 150 175 200



GP regression on fixation data

cov_latent = tau * pm.gp.cov.ExpQuad(2, 1°)
cov_noise =sigmaZ2 * tt.eye(n)
Cov_func = cov_latent(X) + cov_noise)()
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GP regression on fixation data




GP regression on sparse data

Simulated dataset
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GP regression on sparse data
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GP regression on fixation data
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GP regression on fixation data

Informative Prior on length scale: Is ~ LogGaussian (mu = 1°, sd)
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GP regression on fixation data

Informative Prior on length scale: Is ~ LogGaussian (mu = 1°, sd)




Overthinking:
what is smoothing, really?

® Observed
— f(x)




Overthinking:
what is smoothing, really?

z1 ~ ImproperFlat(— oo, 00)
zi ~ N'(ziey + p,0%) fori=2,...,N
Yi ~ N(Zia 0-22)

z1 ~ ImproperFlat(—oo0, o0)
zi~ Ny +u,(1 —a)-6%) fori=2,...,N
i ~ N(zi» @ - %)



Frequency
o = N w

Frequency

z1 ~ ImproperFlat(—oo, o)
zi~NG@i+u,(1-a) 0% fori=2,...,N
yi ~ Nz, a - o?)

with pm.Model() as model2:
smth parm = pm.Uniform('alpha’', lower=0, upper=1l)
mu2 = pm.Normal("mu", sd=LARGE_NUMBER)
tau2 = pm.Exponential(“tau", 1.0/LARGE_NUMBER)
z2 = GaussianRandomWalk("z",
mu=mu2,
tau=tau2 / (1.0 - smth parm),
shape=y.shape|
obs = pm.Normal("obs",
mu=z2,
tau=tau2 / smth_parm,
observed=y)
trace = pm.sample(3e3, njobs=2, tune=1000)
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Moving forward

Scale up to more dimensions
* Finer grid

 Temporal information

Hierarchical model
» Subject effect, multiple condtions, etc.
 How wrong is it using Gaussian Process to model fixation data?

* Dirichlet process?

Unify model for both Fixation number and fixation duration:
* Poisson Process for fixation number at location (x, y)

* Gamma distribution for fixation duration (waiting time)



Thanks!

4JPYMC3

More information could be found on my Github repository:
junpenglao/Bayesian_Smoothing_EyeMovement
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Bonus slide

[s it help to have mean function?

Simulated dataset




