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Example: Sequential Bayesian Learning

Data: sequences of input x, target t

Synthetic data generated by x~ %(x|-1,1) t= f(x,a)+¢
flz,a)= do +a, X e ~ N(0,0.2%)
ap = —0.3 a1 =0.5

Target modeling: p(t'|z',w, 8) = N (¥ |y(z',w), 7)), B! = 02"

Linear model: Y(z, W) = Wo +Lu, X %w
{
Prior: p(wla) = N(w|0,a™' 1) a=2 %*ﬁ]*\(
W 7@’@'
o Z\/\/hen data arrives seguentially: posterior after N-1 o’ xmm
0" " datapoints is prior for arrival of N-th datapoint o

PCW—.L x\,?(z) = Q11£3W9(\1W,) ' PCW/OZ_? ]: F[XLIW)LP@’X‘T)
YJCKJ\ \()U(‘)J Px)
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Example: Sequential Bayesian Learnlng

s
» Data generated by t=ag + a1z +¢ \,
apgp — _03 ayp — 05 likelihood prior/posterior data space
I I
»  Prior w1 d
p(wla) = N(w|0,a™T) / : °
» Sample 1 datapoint / \ g i
7<l L t| ! l
»  Likelihood ’ ’
0 0
p(tl L1, W, /8) —
/\/(6 PIU +W, x// (3 ) % 0 wo ! -l_l 0 wo | -l-l 0 x 1
» Posterior Figure: Sequential Bayesian learning (Bishop 3.7)

p(wlon,t,0,8) «  pCE N w p)plY o
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Example: Sequential Bayesian Learning

. likelihood prior/posterior data space
»  Sample second datapoint: | |
Y
X,-L / &1 / 0 0
» Posterior ==p prior : ]
-1 0 gz |
|
Q(»\Z‘ )n Y
0
» Likelihood
g 0 z |1
p(ta|z2, w, 3) !
Y
0 @)
s 0 g ! - 0 qyp | L 0 gz |
» Posterior Figure: Sequential Bayesian learning (Bishop 3.7)

p(W’(ml,tl),(ajg,tz),&,ﬁ) X P(éz“{z ,W{F)' P(W\ ](O(k,&z),O(,FJ
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Example: Sequential Bayesian Learning

» After 19 datapoints |
(4 f) - (X, bg) " !
»  Prior
p(W‘{(CEn,tn) n— 17 75) -:-I 0 wp ! A/‘;Z’wo' -:'I o
 Likelihood / ;
p(t20|T20, W, 5) ; 0 :
» Posterior T 0 g 0 2
P, ) 1221, 0 B) o o \ o
.

k|
" 0 wo |

» Much sharper posterior!

Figure: Sequential Bayesian learning (Bishop 3.7)
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Infinite Data in Bayesian Linear Regression

» Poster distribution after observing N data points:

p(W’X,t, , 5) — N(W’mNa SN)

my — BSN(I)Tt
Sy =al + 3P

( \
» After an infinite amount of data : I A P50
. ( ey oot i) o(Xn) oo Pry((Xn)
hm SN — O \ 7OAEN M—1\2N)
N —00
[im {(I)T(I)} = Jim ot NV
N — 00 i

*J N =g0

, L T, _ Lo
N Iy = m pSNRTE =TT,

o agree wt N> g V=%
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