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‘ Abstract & introduction
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‘ method & results

Incomplete Multi-View Observations.
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‘ method & results

Incomplete Multi-View Observations.

SRR (18) RUIR—MMERIEHE, BEX TESHERRTIEWES, BEESE
BRI RIFTUNBE N Z [BRIEANNE, SIAHR T IBIESR, LIRS ME N>R, (F&
{E£[24-Deep multi-view information bottleneck.2019] & Bt EIEX BB MMLE A& F~E
BRBRERT, EZERaRr~ ENABRE, M, XM TR ZFTNI AR KR
HIALEL.,

{E£[25Learning robust representations via multi-view information bottleneck. 2020]97, IBJ&RNI
& EREANIERNTERERE, FIRMIEEEHNEERTR. Biit, XTNERTZH
FEIEES, EEGRUSENA IR EEZAEEESHEMEMEERNATERE (RIK

BAREFERTNRER) .




DeeplMV

de, (z|x1)

o

view-specific
encoder 1 (fg )

=

HoE
P

-

X2 missing

-----

view-specific
encoder 3 (fj. )

o~

PokE

method & results

qs,(z|x3)

multi-view
predictor (f,,)

N

view-specific
predictor 1 (fy )

]_'5}1

X7 missing

!

Xz ~

y

| v

X, I

view-specific
predictor 3 ( fy., )

]—‘?3




four network components
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Toward Task-Relevant Representations
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Product-of-experts modeling
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Product-of-Experts for Incomplete Views
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Algorithm 1 Pseudo-code for training DeepIMV

Input: D = {X",y"},_1, learning rate 7, mini-batch Tralnlng

size nams, coefficients a, B, {Bs }o—1, and po, Lo

Output: DeepIMV parameters (, ¢, 1) Al B g =/ MBRFOER S 1BFRSERY2H
Initialize parameters (¢, ¢,1)) via Xavier Initializer
repeat aF|ZREE ST ST

Sample a mini-batch: {x",y"} ™" ~ D

n=1

forn=1,--- ,nm, do E’%Xj (9 Cb) *DE— ﬁil)x]ﬁ% (LI-’)

for v € V" do
p:b ? Eﬂ — fﬂv( )

zi, — ,LJLt —|— E Z‘.ﬂ where € ~ N(0,1) 0.6 .4/ 0.4 0, qbi
end for =

f-‘f'nn X" PDE((ﬁEn E:})T-’EV“)
2" u" +e- X" where € ~ N(0,1)
7" fulz")

end for

Ly = 7 3ot (= X5, " (el g ("))

+ B+ KLN(p", X")||N (po, Xo)))
Tt S v (= e v (e log (92 [¢])
B KLV G )W o, £0))

(0,6, 0) < (0,6,4) = 1V (0.0.0) (L15y + L)

until convergence
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‘ Experiments
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Table 1: Comparison table.

Methods Task Incomplete

Oriented  Views EERMERESEEZ MMIEBRIMER (k737 Basel)

Basel v X

Base2 v X

Sggi § ; JeHAERT IS, ERES I IE L) IZR8YR N T
DOCAR . x sSAITTNEER I— 1S (-9 Base?)

MVAE X v
CPM-Nets v v

MOFA X v
DeepIMV v v




AT RREAIRISEIREFEGE DT L, HRRESHSEFHETRY "HEHORME" | FlME
FPNE L(EHKernel-PCA (BEEZITX) RBURAERT (RI1007MF1E)

TCGA Dataset

BATFRIEXT 7,295 MEABWR (BIHEAR) NSIMAFHGEEMEST 1 FHTR, HiEHRE
B3N ARAFZENSNHIERBUN AR EIRINERERAR :( viewl) mRNAZKIX, (view2) DNA
BREAY, (view3) microRNARIX, LAK (viewd) RIBERFES. £7,295FAH, 3,282 AEEESB
ZAERERIVEIATE S ENLIE: (IEL. B2, MERFIRE4aIIITREZ 5 5/90.10,
0.24, 0.13%[0.74,

Methods 1 View 2 Views 3 Views 4 Views
complete incomplete complete incomplete complete incomplete complete incomplete
Basel 0.6604+0.04 0.6754+0.02 0.72240.03 0.73940.02 0.7504+0.02 0.7654+0.02 0.7664+0.02 0.7814+0.01
Base2 0.711+0.02 0.71740.02 0.746£0.01 0.7661+0.00 0.767+0.02  0.775+0.01 0.7831£0.02 0.790x0.01
GCCA 0.680+0.02  0.65040.03 0.737+0.02  0.7374+0.03 0.7644+0.01 0.769+0.02 0.783+0.01 0.79240.01
DCCA 0.702+0.01 0.638+0.03 0.745+0.03  0.76140.02 0.758+0.02  0.775+0.01 0.776+£0.02  0.78410.01
DCCAE 0.623+0.04  0.60540.04 0.747+0.03  0.76340.01 0.7744+0.02  0.775£0.01 0.776£0.02  0.778+0.02
MVAE 0.592+£0.05  0.58940.04 0.677+0.02  0.67440.02 0.731+£0.02  0.730+0.01 0.77440.01 0.781+0.01
CPM-Nets 0.700x£0.02  0.70940.01 0.7454+0.02  0.76140.02 0.76640.01 0.771x0.01 0.781£0.01 0.78810.01
MOFA 0.681£0.03 0.646+0.01 0.732+0.01 0.73440.01 0.7564+0.01 0.764+0.02 0.781+0.02 0.785+0.02
DeepIMV 0.701x0.02  0.72410.02 0.757+0.02 0.77240.01 0.7760.01 0.791£0.01 0.7831+0.01 0.801=0.01




Methods Mean Impt. MVAE Impt.
Basel 0.76540.02 0.771£0.01
Base2 0.775+0.01 0.7844+0.01
GCCA 0.76940.02 0.77410.01
DCCA 0.77540.01 0.78440.02
DCCAE 0.775+0.01 0.77340.02
MVAE 0.73040.01 -

CPM-Nets 0.7714+0.01 —

MOFA 0.76440.02 -

DeepIMV  0.79110.01 —

Poe ST mIBER T I T EAENAIIE, HEMARZIANR, L5Hh, SINGETRERIFTNES

AAPRIBIRARE T E T IERIRASEERE (R

=

BEEEMY) BMMIEBRESEXER, AmEits

PoesSHRABSEELATYIG, B TMERE, IXLAE(BR R AR T Deepl MVATHEALETH

Methods 1 View 2 Views 3 Views 4 Views

MoE 0.629+0.03 0.691+0.02 0.736+0.02 0.768=+0.01
MoE with marginal IBs 0.7124+0.01 0.7664+0.01 0.786+0.01  0.790-+0.01
PoE 0.655+0.04 0.7194+0.03 0.7554+0.03 0.7834+0.02
PoE with marginal IBs  0.724+0.02 0.772+0.01 0.791+0.01 0.801+0.01
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SCBI Harvard forest
Variable Definition RP DP RP DP
Timing of growth
DOY,, Day of year at which 25% of growth is achieved l ) ) l
DOY,, Day of year at which 50% of growth is achieved l l ! l
DOY,, Day of year at which 75% of growth is achieved l l l
Lpgs Peak growing season length (DOY,; — DOY,,) T
Growth rate
Timax Maximum growth rate \)
Annual growth
ADBH Annual growth from dendrometer band = = . =
RWI Ring width index from tree-ring chronologies Mixed Mixed - Mixed
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