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> 1EAZ N AR A

- F &M XA (Importance sampling)
- F /R & 7 % (Kalman methodology)
- #7414t A (Normalizing flow)



N et 27 78] A

> Nt R AR
y=6G(0)+n N~Py 9~pprior

> ik
= AT LI 5 pprior(e) = V' (8; 19, Zo)
TR oy = N (x:0,5,)

> UG Y o A

ppOSt(e; )7) X p(yle)pprior(e) X e_CDR(e’ Y)

1
6; — _CDR(H; y)
ppost( y) 7 e

1 _1 1 1
Cr(0,y) =S 12" (v =GO I +51Z" (0 — 10) 117
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> A kg2 —ib w49 B AR

1
p*(0) = EB_CDR(Q)'\
/ 6%\3
RS

1 -1 1 1
®p(0,y) = P I an CASICHN & +5 12,200 — 1) II2

-HHBAFSHRE - b HEF
A BARR MR E E[f] = [ £(0)p (0)d6
- A RSRM B ARG 694 K {6} ~ p*(6)
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> AT HE T E (LM T k)
) MAEIL & BB Ng = 2,

o) = [-L + 221, -1 + 20 1) 7 = 7p*(6%) thiz
{Hj} ~ Pprior {TH]} ~ ,D

- TR R

- FRE A

- AR BEAL IR &
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Wi Eplf] = [ f(0)p*(68)do

R {073 ~ p7(0)

J
1 .
By [f1% plc() =7 ) F(67)
j=1
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S5 f:RV > R Var,[f] = E, [(f - IEpf)2] < 400

FATA

J
1 .
E, jjz;f(ej)_mp[f] =0

) -
J
1 . B Var, [f]
I, (YJZ;f(@’)—IEp[f]) — ]
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p* (6) = %e“”(e)p(@)
KA {67} ~ p(6)

+EH CID(HJ)
1 e e_q)(ej)
'Vl_ﬁ‘ﬂl‘ié . W] — 2§=1 e—q:(ef)

#iz : {07} - (w/e))

J
0*(0) ~ 2 w;5(0 — 67)
=1

J
Epr[f] = pls(f) = ) wif(69)
j=1



~ 2
é\’ ‘:ﬁ
~ n
M —
= =
o) &y

756%

2
ST fiRY SR> xPptllpl = [ S-do -1

KA
. 1+ x*[p"llp]
Sup, Ep [p is(f) — IEp*[f]] <2 7
1+ x*[p"llp]

sup E, [(p"ls(F) — Epo[f1)°] < 4

Ifleo=1
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> #.3] (Rosenbrock % %% )

y=6@)+n
92 — 61912 _ [0]
60 =" y=|
107
=R e pprior(e) = N(6;0, [ 102])
L
AR Py = N<x; 0, 102 1D
VR T p*(0) = %e_q)(g)pprior(e)

FE oy =107%, 1, +HOHE o
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> #.3] (Rosenbrock % %% )

Cl — 10_2
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norm(E,- 16])
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+ R 2 (Kalman) # 7%

> et iy R A
y=6@)+n  n~py 0~ pprior

> RiX
S RIES A Pprior(0) = N (8; 79, Zp)
= B pp = N (x;0,%y)

> Dt A ik

p8,y) _ p(y0)p(6)
p(y) p(y)

pOly) =

pprior(e) - p(0,y) - ppost(e)
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pprior(e) = N (r9,Zo)

>0 F2 G(O) +1n 8B &0

1o

p(8,G(6) + ) zw([y],

>, C%
Covt Fyy
¥ =E[G(0) +n] C% = Cov[6,5(8) +n] C*¥= Cov[G(0) +n]
> Elat (FFaH)
p(0|1G(6) + n=y)=N(m,C)
m =1+ C(C¥) Ny — )
C =3,— COY(CY)"1CoY"
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» Dot R RO
y=6G(0)+n N~Py 9~pprior

> RIX
= B S8 384T pprior(e) = NV (6; 19, Zo)
%ﬁﬁp;‘l’%%: pT’ - N(X, 0, 277)

> o T3 5

9 = E[G(O) +n] €Y =Cov[8,G(0) +n] €YY= Cov[G(6) + 7]
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¥ B (BExtended) /R & 7 7%
> 3 R IF &EAb
G(0) = G(ry) + VG (1) (6 — 1p)

pprior(e) = N (19, Z9) n ~N (0, Zn)

v =E[G(O) +7n] = G(ro)
C9 = cov[B,G(0) +n] = ZoVG(rp)"
éyy — COV[Q(H) -+ T]] ~ VQ(TO)TZOVQ(TO) + ZT]
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-1
Coost = 2o — ZoGT(GZoGT +2,) G

-1
Mpost = To — oG (GZ,GT + 2,7) (Grg — )

> T RFRE Tk

-1
Coost = 2o — ZoVGT(VGZVGT +2,) "VGE,
—1
Mpost = To — ZOVQT(VQZOVQT + Zn) (G(ry) — )
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T:N(TOJZO) = N(m, C)

pprior(e) - p(6,y) - ppost(e)
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7o (Unscented) F/R ¥ 7 &

T F S 5A 0 ~ N(m,C) € RNo, KAT£I2Ng + 1 A
o> 0%=m>3tj=12,Ng

0 =m+ ¢[\[Cl; 6/*Ne =m— ¢;[/C];
£ [[[C]; AC#Cholesky 589 % jAF &1 & > AF 4
EIG(0)] ~ EG(0)] = ;28 Wi"G(6")
Cov[G1(6),G2(6)] =

N0 WE (G, (6Y) — BIG1(6)])(G2(6Y) — EGL(6)])T
S ¢ W WS



Fo. 7% (Unscented) F R 2 7 &

> ik T e
T HMAA O ~ N(m,0) € RN » K AA

1 1
G(9) = G(m) + VG50 + §v2g59®59 + gv3969®6e®69
+0(56%)

1
EIG(0)] = G(m) +5V2GC + O(lICI|?)

Cov[G1(6),G2(0)] = VG,CVG, + O(lIC1I?)



% (Unscented) /R & 75 ik

Yoo wmG(6t) = ElG(0)] +

+ 3,2, FWmV2G[/CT; I Cl; + odlicl®)
SO WE(G1(6Y) — EIGL(0)])(G2(6Y) — ElGL(8)])T

= Cov[G1(8), G-(8)] + o(lIC]I?)

BEMNEB W =1> W§=0>3F1<j<N

1
- — 'm = 'C =
Cj = a/Ng > W 0> W, 22N,
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7o (Unscented) F /R € # 7%

T:N(TOJZO) = N(m, C)

pprior(g) - O0—F - p(6,y) - ppost(g)
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> RAEFA Tk

{9]-} Npprior(e) = N(TOJZO) n~N (0, Zn)
1 J
= 72 yl = (o)
= E[G(6) +nl =y
€O = Covl0,G(0) + 1] = = 12(91 )y = 9)7

£ = Cov[G(8) + 1] = ]_—12@1' — D -+,
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£ A(Ensemble) £ R 2 7 &

T:{67} - N (m,C)

o' o0° . —) —
pprior(e) - p(6,y) - ppost(e)
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£ A (Ensemble)F /R 2 7%

T:{687} > {767}

pprior(g) - p(6,y) - ppost(e)
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/4L A (Normalizing flow)

> A kg2 —4b w589 B AR

1
p*(e) — E e_CDR(e)

> FrafbiR
B FAb 2 W % ey gt Tyy: RNe — RNe

{Hj} ~ Pprior - {TNN(Hj)} ~p°

WEMETyy * SRALKIE XM > sE BT A LT
BRI N 3K
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> -5 B (Pushforward)
T:0 -6 =7T(6)

T:p—p=THp p(0) = p(T(6))IVeT (6)]

L EAp(H)dH = L p(0)do

BET(A)

- j@ AT ©O)IT6T(©O)]d0
7716 -50=7"106)

Thpop=T"5  p(0)=p(771(8)) V5T 1(9)
2
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IT:X-Y

Px py = TH#px

T#

W& 5% 7E 18] Py W% % A Py 30



A EAL R

-KL[p* Il p*] = 0
-KL[p Il p*] = 0
-KL(p I Zp*) = KL(p Il p*) — log(Z)

P (FBME)

MEZERZRAP 5



> AR AR

W 457 22 W & Ty {Hj} ~ Pprior {TNN(Hj)} ~p°

minyy KL{Tyn#0prior Il o]
= minyy | Tyn#Pprior (108(Tnn#Pprior) + Pr(0))db
KAt 0 = TNN(Hj) ~ InN#Pprior
T H BARRZ > ERIATE KL

fTNN#pprior (log(TNN#pprior) + (DR(H)) do ~

221 108(Pprior (67) Vg Tt (87)]) + P (67)
32



> AR AR

b % W 4% 3 > E VeTyn (67)

WA T~ BB AR TN T

> LB JE IR I AR A
INN = fkofgk-1°°f1

st i
Yi:d = *1:.d
yd+1:N9 — xd+1:N9 @ exp(s(xl:d)) + t(xl:d)
AT ELEER © Ying = Vi,
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% A2 A (Generative model)

> A kg2 —4b w589 B AR

1
p*(@) — E e_CDR(e)

> AR AR

2 {6577 ~ p*(6)

EA {6}~ p(6)
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> F R R

AKX 69 ¥ 3% Beskos, Alexandros, et al. "Sequential Monte Carlo methods for
Bayesian elliptic inverse problems." Statistics and Computing 25 (2015): 727—737.

> TR ik
T FRZ HELRFE LI o

# WA F /R 2 & ik Arasaratnam, lenkaran, and Simon Haykin. "Cubature kalman
filters." IEEE Transactions on automatic control 54.6 (2009): 1254-1269.

AKX 69 % 3% Huang, Daniel Zhengyu, et al. "Efficient derivative-free Bayesian
inference for large-scale inverse problems." Inverse Problems 38.12 (2022): 125006.

> 3T Ik KB A 6 dr i T ik

#r/EAL 7 Rezende, Danilo, and Shakir Mohamed. "Variational inference with
normalizing flows." International conference on machine learning. PMILR, 2015.
T = A & Marzouk, Youssef, et al. ”An introduction to Sampling via measure
transport: " Handbook of uncertainty quantitication 1 (2016): 2.
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