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problem, so that future applications may be easily developed. We demonstrate

the elegance of the approach on Bayesian temporal ICA, with an application to
finding independent components in noisy EEG signals.
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1. Linear Gaussian State-Space Models
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2. Bayesian Linear Gaussian State-Space Models (1)
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2. Bayesian Linear Gaussian State-Space Models (2)
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2. Bayesian Linear Gaussian State-Space Models (2)
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3. Unified Inference on g(h) (2)
Mean + Fluctuation Decomposition
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where the parameter covariances are Sp = VHJE1 and S4 = H H;l (see Appendix A).
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3. Unified Inference on g(h) (3)
Appendix A

CITPoTWBIE (qA) BT qB) EEETZHIL 7D, THEHEERDS.
A.1 Determining ¢(B|Xy)

By examining F, the contribution of gq(B|X¥y ) can be interpreted as the negative KL divergence
between ¢(B|Xy ) and a Gaussian. Hence, optimally, ¢(B|Xy ) is a Gaussian. The covariance

EBlijm = ((Bij — (Bij) ) (Bri — (Bri) ) ) (averages wrt g(B|Xy)) is given by:

BOAITTS DEERRIE HAED/NZY * -
=1 q(ht)
The mean is given by = NpHg', where [Ngl;; =, <h‘7> vi + 3 B;.

Determining q(A|> )

Optimally, g(A|X ) is a Gaussian with covariance

BT OBERRME REED /A X
T-1
t=1 a(he)
The mean is given by (A) = NyH ', where [Nali; = S, <h‘z 1h"> +aj Ay



3. Unified Inference on g(h) (3)
Bayesian LGSSMs --> LGSSMs

Bayesian LGSSMs
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3. Unified Inference on gq(h) (4)
Inference Using an Augmented LGSSMs

Algorithm 1 LGSSM: Forward and backward recursive updates. The smoothed posterior p(h|v1.7)

is returned in the mean h} and covariance PT.

- Forward7)L 3 X s procedure FORWARD
-REBEMTE (Za4ILTV>D) la: P X 1
Ib: P «— DY, where D =1 — XUap (I + UL XU Ul
-aRSl BEOANRY Ty~ P L 45 (I +Uag¥las) " Udn
- b3R5 1 LGSSMs®D /(T X — % [C ik 2b: B9 — Dy
TH & N2 etk g: Ig <—2P$L(BPBT +Yy) Y P« (I — KB)P, hi « hY + K(v; — BhY)
ort «— 2, 0

4: PI7t  APITIAT + 3y ISR
HEDFH ISa: P pi? ER
Sb: P DyP!I™", where|D; = I — P Unp (I+ ULz P Uag) ™ UL,
6a: hi~! — Aﬁij
6b: hi~! — D, AR~}
7: K — PBY(BPBT + %), P} «— (I — KB)P, ht — h!™' + K (v, — Bht™1)
end for AR TA Y DEDER IRRESERT
end procedure
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- BEOHIN VA L——

IRREFA ¢

- BIITHIDDERR - #IR
VAT L (A B) OEBRRENS BRI

H—, ET%@KFC}: D :E)%i,H\IJ'ﬂE L: W?j_ig_%ﬁj\jﬁi procedure BACKWARD
HE|D XY f0r<t_<—T—1,1d0
. A, — PttAT(Ptt_|_1)_1 AL——=51Y

— «—
Pl — P} + At(Ptj—;—l - Ptt+1)AtT
~ ~ — A~ ~
hi — hi + A¢(hi , — AhY)
end for
end procedure




4. An Application to Bayesian ICA (1)

B W\ IR RS

- IREREFIEEMIIEDMT (ICA; Independent Component
Analysis) DEREICER

CICAEE . -
BHERINDADE=EHS, EFZBRALTWVWSMIIRESD
ZHHT B,

Bl1) BUEEOREEEET I/ RELTRS, RELLERE
N5, EEBORBFEIMT D,
P2) BROERTIPALMK CTOMKDES UIES) BERINDEGHED & L TOERNE

5, BEIROHIESZIHT 5. Figure 1: The structure of
the LGSSM for ICA.
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4. An Application to Bayesian ICA (2)

B W\ IR RS

- ICATIR S HERER, #BATTIICEEREDH 2IREZEFETILE L
TETIMETHZENTES.

CICATIFREBHEE WD LD X, HIGREFTRINIEZDEZK
$H5HIEHERM.

- BRIIE, B—DLGSSMs,
- 21K, AT B ICEERMEM B 5 Bayesian LGSSMs.

- BURITTS B=WP O TETILE

- SRIDESHAH P - - - BEAn (BB4z175)

-EBE W e e e RAN &RIIDRARS & UTOBANE
Figure 1: The structure of
the LGSSM for ICA.
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4.1 Demonstration (EE& 1)

LTSS [ REEZORIN 5 RITDLGSSMs x 3 F5
HBIESF—F  TESHREUILES x 377
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Figure 2: (a) Original sources s;. (b) Observations resulting from mixing the original sources,
ve = Wse +nf, 0y ~ N(0,I). (c) Recovered sources using the Bayesian LGSSM. (d) Sources
found with MAP LGSSM. N— 14




4.2 Application to EEG Analysis (£5&2)
(1) BE

- EEG (ElectroEncephaloGraph) : B4

- BEEDICA (] : FastiCA) Z#AAWSBEDRIES
JAZXDESTcET—FICH LT, siEmE 7« )Ly =EET
575 EDRILEBENNE,

- EEGO A #TICK S S B MERE
SN BEEGIIZ K DIKRNETDEETH DD, #IHh 5
VA EAERET AN EZIICKRETE=D L,
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4.2 Application to EEG Analysis (£5&2)
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Figure 3: (a) Original raw EEG recordings from 4 channels. (b-e) 16 sources s; estimated by the

Bayesian LGSSM.
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5. Conclusion

* LGSSMsDIRRBEL SN/ FX =57 ZRA IEET HBE =K - L.

c ERDEDNA XCE DL BEIE, MENTEERBEFEDFE (Kalman Filter/
Smoother) & DOXILEFRMNARATS - fe.

- Bayesian-LGSSMs% Z i & Effi7aLGSSMsICE#a L. chic kD, KF/KST
NA ZHEEDFBEIC IR > Tz, [main contribution]

- ICAFREICEA LT, BREFEDEET DI &=L

FAROEZEZFICE ST, HONA IHEFEZBREFDO7ILTY XL THEIT S AEEME
AN ESY
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