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Chapter 2
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p(Y*X*, X,Y)

:// p(Y*|F1)p(F1|X*,W1,bl)p(Wl,b1|X,Y)dF1dW1db1

_ / P(Y™[X*, Wy, by)p(W1[X, Y)p(bi|X, Y)W, db, (2.3)

.6 Y |X* Wi, by ~ MN yyp(Onsn, K(X*, X*) + 7Ty, Ip)

_ / P(Y™[X*, Wy, by)p(W1[X, Y)p(bi|X, Y)W, db, (2.4)

s.t Y| X*, Wy, by ~ MN yyp(Onwp, ®1®] + 7y, Ip)

_ / / p(Y/[X*, Wi, Wy, by)p(W X, Y )p(W, X, Y)p(by[X, Y)dWd W db,

1>

o?&

L ﬂl‘ﬂl

(2.5)
st [Y'], X5, Wi, Wy, by ~ N (01 [Wo] 7 y)
(2.3)+= [Bishop and Nasrabadi [15] p.93]°f| =S5 4¥ FH AFEEZ} 2AF

—EEQH TAE 24 (2.1), (2.2)°0 H-&stod, p(Y*[F1)p(F1|X*, Wy, by)
1 sl A2ste Aoz FH Eedt v=22, 4 (24)2 A Nx K,

I 1/L0'1 *TW1+bT> |

A / 0'1 TW1 + bT>

\/701 W1+bT) |




2 =yste] K (X5, X*) = ¢,0] 2 LJehdH Aotk HEHom 4 (2.5
[Bishop and Nasrabadi [15] p.93|oll &5 % FH HAJEZe} X AR A{JEL
eFe] PAIE A (2.3)hs W= 285},

st Wil [X,Y ~ N (0.L,), je{L,...,D}

filo
I-'El
I
-}
rr
i
e
=
X
-
1o
N
ofN
ﬁl‘
o2
i)
S

|
k1
o
o
iy
i)
o
O

= 242407 4517] o] Hth(analytically intractable). whabA], HE 22 (vari-
ational inference)S Fo AT 2AS WEol= BXE A AISEE

%9’1 Z’]&l]?’]—% _?_j-ﬂl_q]_(_‘)_f"__ Q<W17 W27 bl)‘(‘q- p(W17 W27 bl‘X7 Y) /\]-O]‘Q’] %
H_glo] 52 ¥k (Kullback-Leibler divergence, ©]5} KL)& | A3} 5}+= 7l o]t}
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= 29 271 57 5}5H Log Evidence Lower Bound)-& X3} 5= Z1[15]
2o,
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‘CELBO

:/Q(W17W2,b1)10gP(Y|W1,W2,b1,X)dwldw2db1 (2'7)

— KL(¢(W1, Wa,b1)|[p(W1, W3, b)) (2.8)

Lrio® BHAZE AR 2AE olsH s17] Sl A2 B4 M,
My, mE E8I5ke] Wy, W, by o] AL AFEE ¢ th3wh 2ol Ae 4

S}(reparameterization) gt 4~ It}

€1~ MNQXK1 (OQXKUIQ’ IKl) (29)
€~ MNk «p(0k,xp, Ix,, Ip) (2.10)
GT ~ N(O, IK1)

Z4);; ~ Bernoulli(py) - I(i = j); h € {1,2}

Wl = Zl(M1 + 561) + (IQ — 21)561 (211)
W2 = Z2(M2 + (562) + (IK1 — Z2)5€2 (212)
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P4 PEE AT R T} o

919] 7pgstel A (2.7)2] WA 3

i)

Q(le W2a bl) ]'ng(Y/|X*’ Wl) WQa bl)

D
= q(W1, W, by) Zlogp([Y,].j X", Wi, Wy, by)

J=1

N
= (W1, Wy, b1) > “logp([Y'],,. [[X*],., W1, Wa, by) (2.14)
n=1
N
= q(Z1,€1,22,€5,€) Y _logp([Y'], | [X7], , Wi(Z1,€1), Wa(Zs, &), b (€))
n=1
N —~ ~ —~ o~ ~
~ Y logp([Y'),, |[X], , WI(ZT, &), WE(Z5, &), bl (€") (2.15)
n=1
l T 1 = = T D
. (Z SIIY ) =/ (2, +mT>z;M2|r§) Nlog(5-)*  (216)
n=1
Al (2.14)2 thge] A RYE GEH).
D
> logp([Y],; 1X", Wi, Wa,by)
j=1
D T T N
_ 2 5
= (Z SIIY'], = @1 (W2, ||2) ~ Dlog(;)?
N T 1 T D
= (Z Y] = o (W +bI>w2||§) Nlog(3-)?  (2.17)
n=1 1
N
= logp([Y'],,. | [X*],.. W1, Wa,by)
n=1
2] (2.15)E (2.11),(2.12),(2.13)9] AL AFFEE ¢22E 27] 19] ZE|7}
SR BHZ,,6,2,,6,e2 Y'Y 4 AL N %g—%% ZZ3 Aot} 4] (2.16)
 FEE] 22 6 > 09 el Wi & ZyM,, Wi ~ Z5Mo, b ~ m2 24 5
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Qo olg A} (217)e] Yt Aot
202 (28)2 W, Wy, b7t A2 Egjo|ma thew} Zo] Bajirhie).

KL( (W1>W2ab1)Hp(W1,W2,b1))
= KL(q¢(W1, Wy)||[p(W1, W2))KL(q(b:1|W1, Wy)|[p(b1[W1, W3))

= KL(q(W1)|[p(W1))KL(qg(W2|W1)[|[p(W2|W1))KL(g(b1 [W1, W3)|[p(b:[W1, Wy))

)
= KL(¢(W1)|[p(W1))KL(¢(W2)|[p(W2))KL(g(b1)|[p(b1))

2

[Gal and Ghahramani [3] Appendix. Proposition 1]o]| w2}, 48ts} = * &
29 A ol FHel 2 K2} Qol vl theat o] Ak 4 stk
3k, by o] A} ALERES] AL b2 3t o] Hske A8 T8 4 ek,

KL(g(W1)[|p(W1)) =

2o |3
Mo

(M)} M), ) + QE (82 — log (%) — 1) + €y (2.18)

q
1

Q
Il

Mx

KL(q(W2)|[p(W2)) ~ 2 ([MQ] ML), ) + KiD(8? — log(6?) — 1) + C5 (2.19)

??‘
_‘H

2
KL(g(b)[p(b1)) = 5

(m m + K (6% —log(6%) — 1)) + Cs (2.20)

A7, Ciyi = 1,2,3%= B4 My, My, me} 4Gl
(2.16)& o= AollA 25| ZHA|9E 0Eoh=
N

ApSgrolth. Ea, o A

Z ez AAsh] o

B2 My, My, met d3tgls A2 HFS 4 9l
AEHOR y, =Y, Yn =/ 201 (T ZiM,+m ) ZEM, 2} & uf (2.16),
9



(2.18), (2.19), (220)5 083 LirsoS A The3} 2o},

EELBO
N
~ =T (ST, ) o (T ZEM, + mT)ZEM |2
~ 2 n- Kl 1 n 1 1 2 2(12
n=1

P1 D2 1
- —HM1H§ - —HM2H§ - —Hm|!§+0

1
o (Zuyn yn||2)—z M- sl (221)

Paisley, Blei, and Jordan [17]o] Wt2H &2 E434 (2.21)E 243} of=
2 Lrrpot T2 I35t =3t
Al (2.21)3e] HI LS flof] &2 A7 BP oA B4 My, My, m] L, A1

o
a9 2t o]tk BEILER Dot hEe 48T BRARON £UTSE
7 My, My, m] 7157 4] ZREE ZH2E A = 2 = 20 =
s o 5P e AT Bl ol 91e] AL A3t SAT AR} B BHE

o

e gol == & 3k

N 2
1 ~
—Lsvy =55 (Z |yn — Yn’g) = M3 = Asml5 (2.22)
n=1

h=1

Heo oof Aot thA] y,= o ¥ B2 Tof XA S}ol= WS HHES)
AL Tl Lerpos TAFE & Ut
AZIA A = £o ke = B = 282 Tl 7EEA A 2raQl

A1y A, A3@F ZHSAIQE A O] 2 HA=Q1 7, TEAF AFS R O] 2 H =91 py, py ALO]

o g AHE 4 glrt.
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A or23F Zo] = ghet
F,|X*, Wy, by ~ MNNXK2<ON><K2>Kl(X*7X*)aIK2) (2.23)
Fy|X*, Fy, by ~ MN nyp(Onwp, Ko(Fy, Fy), Ip) (2.24)
Y*|F, ~ MN yup(Fo, 7y, Ip) (2.25)

~ 1
where Kj(x1,x3) = 7 al(xlTWI + blT)al(xlTwl + blT)T
1

90) o] ek ALF dZHES TFe3 Zol AT 4 otk

p(Y*|X5, X, Y)
:/"'/p(Y*|F2)p(F2|X*7F17b2)p(F1|X*7th1)
P(W1,b1|X, Y)p(be|X, Y) dF2dF,dW, db, db,
:/.../p(Y’|X*,Fl,W3,bg)p(F1|X*,W1,bl)p(W3|X,Y) (2.26)
(W1 X, Y)p(bi|X, Y)p(ba|X, Y) dF1dW5dWidbidby  (2.27)
s.t Y], X", Fy, W, by ~ N (®5(F,) W), 7' Ly)
= [ O Wi Wa b, Wi by p(Wal X, Y)p(WaIX. Y)
P(W1IX, Y)p(bi|X, Y)p(ba| X, Y) WdW,dWdbydb,  (2.28)
5.t [Y7] X7, Wi, W, by, Wi, by~ N (@5 (® W) W], 7' Ty)
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Chapter 3
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Chapter 4
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Abstract in English

With the rapid development of neural network models, from the field of image
recognition to drug discovery, neural network models have been introduced in
a variety of industrial settings at an unprecedented rate. In line with the ad-
vancement, many studies are being actively conducted on methodologies that
can predict the uncertainty of neural network models. Due to the fact that it
can measure the uncertainty without significantly adjusting the existing model,
Monte Carlo dropout has become one of the methods frequently used in the
industry and academia where research on uncertainty is needed. On the other
hand, the limitations of the Monte Carlo dropout method are being studied
theoretically and empirically. This paper introduces the theoretical basis of the
Monte Carlo dropout method and analyzes the uncertainty measurement in

simulated data.

Keywords: Uncertainty Quantification, Bayesian Neural Network, Deep Gaus-
sian Process
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