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Abstract

This paper develops the Heterogeneous Missing-data Importance-Weighted Autoencoder (H-MIWAE),
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an importance-weighted variational imputation framework for missing-value imputation in hetero-
geneous tabular data. Under a mixed discrete-continuous latent-variable structure, the framework
incorporates type-specific observation distributions and combines a multi-sample importance-
weighted objective with self-normalized importance sampling to achieve unified modeling and con-
ditional prediction for heterogeneous attributes. To distinguish the roles of importance sampling in

the training and imputation stages, K, and L, denote the numbers of importance samples used

in the two stages, respectively, and their joint effects on imputation performance across different at-
tribute types are investigated. Experiments on synthetic and real-world heterogeneous data sets show
that H-MIWAE can perform unified imputation for multiple types of heterogeneous attributes and
achieves competitive performance under different data settings. The results further show that the im-
putation gains brought by multi-sample training depend on the subsequent importance sampling, and
that this dependence varies across attribute types.
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1. 5|8
E*ﬁﬁ%“ﬁ¢ Bl B e — MR R (0 B, L T S MR SR B AR S A
NEZMREERE R[] [2]. SRR, FAEEIEE B HERARRZ R &I R, BT

fﬁllﬂﬂlﬁj\?ﬁ%ﬁLT EAATE R 72 (3]0 HUHR AN 5 B 1t 5 A0 S S U I 2 R SL R 3G 1 Hidfs i 5
SINTI R R . S IX R E R R R AT S E AT, AT A PR AR R AR, I B R AR AL 3
JEEEGETT oy T iR LA

EF XA e BERAS HAE, CA IR T 2 MR IAE AR T, 2 BN . T QA A BEATLAR AR
FEENE[4]-[7] 0 IXLLT5iE AR A BRI ©OONME BRI o BT A5 T 0TS, MEERRIALE I %)
YR B S 70 AT, 7] DAFE S 58 COULMIES 73 B 4% A0 TR O AU 5 3 iR AT ME R HE T, B 2R 00 25 pr it
T A REER.

NRIGEZNEE S A R AR LML R, DA 7 B 415 4% (variational autoencoder, VAE) AR 14
JETE AR EARA,  H AR N 28 Z 50 W 3 A7 538 3 Ao A, JFadad A 23 HEWT 7 SI A 240 (8] [9].
VAE 5 1A 880 7 FH 3@ 5 8 S A8 SE RO A s b, 4 o — A8 EMECR AR B RN 3 A, 0 S4B s %
FH s oW 3 A7 [ 8] BF XA 58 B E i , Az BORT P ddi #0  % (generative adversarial imputation nets, GAIN) [10]+
1T =4S 7 B 9 i 2% (variational autoencoder with arbitrary conditioning, VAEAC) [ 11155 7% 5 3 K $T
TN B 5 A AR RS 7 [ EAT T H R, A DGR T8 S e o W) Ja A A S R 2% A AR 43 HE T [ 12]
[13], HES) 1R PEAE A A AE SR S HE 23 B (R S

X (Rl A R A U *%Uﬁ'%uﬁr“iﬂﬁ@%ﬂ:@ﬁﬁ%‘éﬂ%@ﬁ@ﬁ%?&%@%iﬁ&, R F
FE 7 BRI 43 AT 20 L R SRR T (R 2 AR AR AR 432 2] DL RGN0 5 R 26 A R0 55 07 THT, 38 HA AN R
RER[11]-[13]0 Horbr, FEE N7V R 53 A0 Hl U AL B AR AR, ﬂﬁﬁ*ﬁfhﬁﬁiﬁﬁﬂEﬁLlﬂléﬁﬁ)l
B Z AR Hbw, FEE SR E 8 30— MR DA BR 2R 8 1 B 25 R T [ 131 I 2R 22k
FEAK K, D€ 2 FEAR A FRIIMIE, SRAb SRR AEL L, 032 ) 6 5 B T 2% AF TN & /¥ Monte Carlo
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ek, CAWFIR M, BRI N SR A ORUE R A 2% (1) 27 )RR R P B [ 14]; SRk 5080 3 221 A
F 4 % %% (missing-data importance-weighted autoencoder, MIWAE) ) 5256 i 22 51|, A [A] Il 25 % B 4dikh &
P 4D B AR AN KR A AN F OB 13]

BT b3 o, A S g T [ AN T e BT AR B 1) E B AR Sy 4 4 AL H-MIWAE (Heteroge-
neous Missing-data Importance-Weighted Autoencoder), B 78Il 2555 i b 5 ZMERE A KO AS [F] &8 M 2R A 4 b
PEREIIER G 5o . AL FE TR R .

(1) BELERE— 1) 5 T R AR B T A B A A, BTN AN [R) G v SIS 1 Ja 1 v A S R M SR A A, I
BT UL I A5 S 3 A R 43 2 31 5 R R S S A T

(2) XJr B EZVERAEAE N ZRP BORAE AN B AN RIVE R, 20l B I SR s VERE A B K, S kb B 22
PEREARSL L, XA FRA @ PR AMERERI R, i — 3 Z BRI R &R .

(3) TEG FEHE N LS e I R A B EIT R RGeS, MIRIRE e adifh 2 22 . AH IR PP B B AR 3
AU E A AR G, ARH— A ARSI, VP B A M B A HE TR

2. H-MIWAE #& 5= E4 miua#h
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Figure 1. Overall framework of H-MIWAE for heterogeneous missing-data imputation
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Horb, p, N5 jNBIERD ES L 1,08 q 4R
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XTH TR EME, 7R ZEAFER L RT KR W58 d METBIHEIEE C, M58, IR0
ce{l,,C,} TS Hrh, logistic BRBUE XN

A(t)
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B 1+exp(—t)
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= E%(M‘xo) [w(s, 7 x° )]
Hrr, SEEMAETE N
p(s) Py (219) [ Pou (%, 12.5)

w(s,z;x°) = <0 (10)
A AP P A
B K, € N, RoRIZRpr Bob it 22 BEAS H AR 08 A S ZPERE AR IR0 g, (s,z | x°) R ST ]
I3 A Mo YL

(5052,), k=LK,
LR R ) A E

22 FHEAE AL E 44 5 2% (importance-weighted autoencoder, IWAE)HI MIWAE [#) £ £ A 5 #: il H
PRFAIIE13] [15], & SCRRASIIIRE AR (I 25 H AR N

(0 ;x ) H%(k e ){log( K ;Wk]:| 11

1 Jensen AV, 2X(1 1)HI U BIHCHE RTHCLLR log py () iR 7
5 K, =10, SO FREAWIAARE 5 F 5 S8 SRR, g

L =Eq¢<s,zxo)Lezol°g”“ G 'z"‘)}‘“(%(slf)“p@))

B,y [KL{as (51°5) 1o (219

Bk, K, =1V RASCER G RAERIIGRE L 2 K, > 10, R ZHEARE ZEMBONZE H bR, A
[ K, FomIIZRIT Bl A (R 80 ( SE SR AR, 1 A e 5 PR A R R R R S A DR R AR
STEE N AFEARMEIEE, SAUIZRE bR e SO SRS H b2 A
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(12)

2.3. BREEBMERIF AR
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FIFIS(10), FENSRIEZHL(0,6) B S EREAR B IR IH— 1 Z AL R
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1=1
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JUESNE )N S i P BN W)
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@=f%w{&+%} (8)
1=1
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16 0~1 KT, AHRL ) s ddi A
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XFEFRANBEM, 05 1A EBEMEFEARTES o MESR LA IRERA
Pac = Pj, (Xd =c| z,,s,)

WU B EEE B 45 SR

Limp
Pac = Z W P> c=1L--,C, (22)

I=1

FELAER S RAUR T, R IR TR A T 23 A5 (8 v A7 S5 A Dy i b

qzmﬁaimz% 23)
UL, Ly, AMIBE 28 A B A T S — {1 5 T P T S R 25 4 A TR A
ol TR GE T S A E th 2 G — TS 0 — 35

3. BYESCE
3.1. IWEE

SZB6 K Synthetic-HETS. Adult Al Default Credit =M #E4E, HAEA B 5 &8 MR R L2 1,
FHAREAL 70%. 15%F1 15% 1 EL Kl 2R B uE S Mmikse, J7f % B 58 2 B HLER K (missing com-
pletely at random, MCAR)A B HLER 2% (missing at random, MAR) B Fh ik Je L] . Hodr, MCAR 7 J& 75 Ml
FATTH A AL R 20% 0 40% I EE : MAR B RAEAR B AR 2000 @ Ve ke , oo FR g 1k vh J5UA m]
M TCRE 20%0) HFRERAKRZ . ifh iz 22 (AN g H 3l S Al e BikE.

Table 1. Datasets and attribute-type composition

= 1. BUREREM B

BAGTEES FEAHL JEREE s S Y TR R EREAE AR
Synthetic-HETS 10,000 10 2 2 2 2 2
Adult 32,561 12 2 1 2 6 1
Default Credit 30,000 24 12 1 1 10 0

ORAUEAS [ I 25 SRR AR RO E T B A 2540 5 S 8O0 — B, AR SCHE A7 S 56 v 2] 5 75 7E 1 o7
S =10 FESE AL R4EE g =10 Jmhd 23 -5 L ARAD W 25 2 R - RSB E 128 MRl R o 4E 8 2,
I AT ReLU Haii bR #. BEASRHA] Adam AUALHS, 220808 107, HERK/NBEN 256, LA BRI
BN SEOEREE K, =1 BERAIEREN S 2 R8T, £ K, > 18K VIMCO (Vari-
ational Inference for Monte Carlo Objectives)f /& fhi1[16].
ISR B A I B B A FH 1) B VA AR o Sl
K, {1,520}, L, <{1,5,20,100,500,2000} (24)
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FEAAR L, NEHECRR K, IR, 58 L, BRI O CIZBEALAAR s T VAT ¥ 2 HUAL
% —KM L, =2000.

X7 R AR [R] H-MIWAE BRE5R T K =1 RRREAR I GREAL . ivtdish . TR G R ALEAABENL
AR GAIN [10]. EERIAF R, AR5 HIPUE S5 AR VL EC R4 #h R Z2 R PR EAT TR X 54
B OEEBIAH B, SR AR E 22 V0 — 4638 77 i % % (standard-deviation-normalized root mean squared
error, NRMSE). 12 7, AJ&t d ' N TR HSE R RITTER S, 5, 4o, VIZEIEVIZRAE T IME
PIREARRAEZ, U

| 12
LT ZT (xnd =X )2}
NRMSE, = £ (25)
Sd,tr,obs
XTEIF o B J@ R F A R R %, WA T o R AR R A — S AL R 1 2%
Brr, = Y 1{e, %6,
|,]'d nely (26)
1
Di __ A
lspd (Cd _1)|,]—d nEZTd Cnd cnd

Hrf, e, Mé,, AN HSSRA (BEF 0 5 TSR (55590, C, NS d M P R RV 08
ONAERE AL B B RE AR LUBAN R K, INZRT SRR, AR SCRL K, o VPO B BT S0 ot
FEME DAL SRE A3 ( E BEERE AR, JFEEE K, =1000 o X TIHAREAS X0, 1058 k AN EH B R A

AL A v, L HCW ISR T S TR 710 Monte Carlo -4
ﬁKcval (xr(: ) = log( 1 il Wk j (27)

eval k=1

TREE B RVP 5 S B & R AR 1 [:Keval (x,‘,’ ) BT #4153 .
[FF, KAV RUFEAS & (normalized effective sample size, nESS) %! i F ZVE A E P FEE . W

Wk

w”k = Kcvaln (28)
Wae
Pl
RMAFEAS n ) H— A R,
nESS, = Kleva] (29)
Keval wjk

=

nESS Mk, FoREEMAERE: nESS M/, FoRREMET . MR L nESS IR A
nESS, BUT43 5.
S T PP T, 4 AR U4 b 2

3.2. RERBEMRIEAMERE

R 2L T Ly, = 2000 I AN FETIAAEA R EAR S . SR RARPESRAL N Fddifh ik 2= .
HEAKE, H-MIWAE 7 53 J5 R B kb vh R L B 584 /1 #E Synthetic-HETS b, = K
BEEAAMR MCAR SRASHRM TR NG TLT Gt idsh . BACREHLARMA GAIN [P 24 £h
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Table 2. Type-specific imputation errors at L, - = 2000

2. L, =2000 AR ENEBEFRAINRE

H-MIWAE
R EHRE gobEdh SARENSRR GAIN
Ke=1 K= K =20
()5 BENLER R (MCAR)
Synthetic-HETS
20% SHE 0.999 (0.013)  0.932(0.007)  1.080 (0.057)  0.896 (0.007)  0.893 (0.006) 0.894 (0.007)
1EE 0.969 (0.069)  0.708 (0.048)  0.949 (0.039)  0.684 (0.035)  0.673 (0.037)  0.670 (0.037)
e 0.988 (0.028)  0.821 (0.041)  0.980 (0.057)  0.801 (0.031)  0.790 (0.030)  0.788 (0.030)
TN 0726 (0.019)  0.546 (0.017)  0.749 (0.023)  0.529 (0.021)  0.519 (0.020)  0.518 (0.021)
HFPEH 0321(0.005) 0277 (0.009) 0.387(0.020)  0.267 (0.003)  0.268 (0.004)  0.270 (0.004)
40% SHE 0.994 (0.012)  0.988(0.023) 1.103(0.109) 0.914 (0.016) 0.898 (0.017)  0.898 (0.017)
1EE 0.987(0.033) 0.826(0.035) 1.022(0.068) 0.735(0.029)  0.724 (0.026)  0.721 (0.025)
THE 0.986 (0.012) 0918 (0.013)  1.042(0.030) 0.833(0.014) 0.820(0.014)  0.820 (0.012)
TFHEN 0.712(0.014)  0.568 (0.028)  0.749 (0.034)  0.552(0.004)  0.527 (0.010)  0.528 (0.010)
HFIEH 0318(0.002) 0290 (0.003)  0.419 (0.014)  0.289 (0.007)  0.274 (0.004)  0.273 (0.005)
Adult
20% SHE 1.016 (0.048) 1.059 (0.035)  1.033 (0.050) 1.032(0.050) 1.037(0.037)  1.052(0.033)
1EE 0.981(0.023) 1.022(0.015) 1.038(0.054)  0.980 (0.023) 0.982(0.025)  0.983 (0.022)
THE 1.003 (0.010)  0.875(0.013)  1.014(0.042) 0.852(0.017) 0.829(0.011)  0.827 (0.011)
TN 0.471(0.007) 0299 (0.005)  0.398 (0.025)  0.332(0.011)  0.300 (0.010)  0.292 (0.005)
HFIEH 0.125(0.002)  0.097 (0.005) 0.132(0.002) 0.119(0.004)  0.102 (0.007)  0.099 (0.006)
40% SHE 0.981 (0.047)  1.150(0.027)  0.991(0.047) 1.017 (0.054) 1.009 (0.042)  1.007 (0.020)
1EE 0.992(0.029) 1.087(0.032) 1.291(0.183)  0.992 (0.028) 0.994 (0.029)  0.993 (0.028)
T 0.997 (0.013)  0.970 (0.004)  1.138 (0.121)  0.899 (0.040)  0.867 (0.013)  0.857 (0.010)
TN 0.471(0.004)  0.335(0.002)  0.460 (0.024)  0.371(0.021)  0.338 (0.006)  0.329 (0.004)
HFIEH 0.124(0.002)  0.106 (0.004) 0.167 (0.023)  0.121 (0.004)  0.108 (0.003)  0.106 (0.004)
Default Credit
20% SHE 1.027 (0.102)  0.491 (0.075)  0.939 (0.063)  0.628 (0.088)  0.570(0.102)  0.534 (0.069)
1EE 1.000 (0.052)  0.750 (0.025) 0.970 (0.051)  0.788(0.039)  0.771(0.032)  0.770 (0.032)
T 1.005 (0.035)  0.924 (0.027)  1.004 (0.040)  0.990 (0.034)  0.962 (0.042)  0.955 (0.025)
TEFFEN 0.445(0.0004)  0.193 (0.002)  0.373(0.026)  0.267 (0.005)  0.231 (0.005)  0.223 (0.004)
40% SHE 1.013 (0.050)  0.596 (0.054) 1.543 (0.374)  0.655(0.044)  0.607 (0.046)  0.600 (0.047)
1E1E 1.008 (0.022)  0.800(0.033)  1.137(0.142)  3.656 (0.054)  0.790 (0.020)  0.784 (0.022)
T 1.014 (0.011)  1.000(0.010) 1.210(0.145)  1.007 (0.007)  0.972 (0.007)  0.977 (0.008)
T 0.448 (0.002)  0.226 (0.003)  0.387 (0.026)  0.276 (0.002)  0.252 (0.004)  0.248 (0.002)
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()FEFLERKR(MAR, BIRGRKER 20%)

Synthetic-HETS

20% A 1.002 (0.025)  0.777(0.031)  1.057 (0.075)  0.760 (0.026)  0.749 (0.025)  0.750 (0.022)
M 0.842(0.044)  0.600 (0.010)  0.768 (0.072)  0.580 (0.021)  0.561 (0.017)  0.565 (0.017)
T 1.040 (0.012)  0.955(0.023)  1.047(0.008)  0.923(0.015)  0.924 (0.016)  0.923 (0.016)
TP 0.683 (0.023)  0.516(0.027)  0.659 (0.056)  0.494 (0.015)  0.477 (0.015)  0.478 (0.018)
BN 0.326(0.004) 0.278 (0.005)  0.398 (0.052)  0.272(0.004)  0.270 (0.005)  0.271 (0.003)
Adult
20% SCfH 0973 (0.081)  1.020(0.073)  0.983 (0.088)  0.987 (0.082)  0.973 (0.090)  0.983 (0.069)
B 0.977(0.023) 1.008(0.013)  1.077 (0.058)  0.973 (0.022)  0.976 (0.021)  0.975 (0.021)
T 1.039 (0.017)  0.946 (0.029)  1.392(0.215)  0.926 (0.014)  0.912 (0.013)  0.916 (0.011)
TR 0.500 (0.004)  0.314 (0.005)  0.480 (0.057)  0.341 (0.008)  0.320 (0.007)  0.314 (0.006)
ARG 0,121 (0.004)  0.095 (0.002)  0.143 (0.047)  0.110 (0.005)  0.100 (0.005)  0.099 (0.006)
Default Credit
20% SHE 1.327 (0.110)  0.635(0.103)  1.830(0.262) 0.772(0.116)  0.676 (0.114)  0.671 (0.101)
1EE 1.147 (0.023)  0.746 (0.015)  1.148(0.041)  0.775(0.024)  1.339(0.014)  2.133 (0.273)
T4 1.014 (0.025)  0.930 (0.033) 1.018(0.013)  1.001(0.023)  0.963 (0.010)  0.969 (0.001)
TFZH 0441 (0.004)  0.165 (0.005)  0.296 (0.019)  0.244 (0.006)  0.207 (0.006)  0.199 (0.006)
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Figure 2. Imputation error versus L, =~ under different training importance-sample settings
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(d) Synthetic-HET5, 40% missingness, positive
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Table 3. Importance-weighted lower bound and nESS at K

=1000

eval

3. K., =1000 FRYEZE MM T F5 nESS

b BkE  2hiE K, =1 K. =5 K, =20
Synthetic-HET5 20% TR ~12.1634 = 0.0262 ~12.1138 +£0.0207 ~12.1183 £0.0177
nESS 0.8933 £ 0.0075 0.7582 + 0.0076 0.5183 +0.0217
40% R ~9.3134 + 0.0520 -9.2110 + 0.0355 —9.2138 + 0.0334
nESS 0.8919 + 0.0070 0.7885 +0.0216 0.5547 + 0.0245
Adult 20% TR —26.7832 £ 0.6111 ~26.0004 + 0.0401 -25.9103 +0.1572
nESS 0.6150 + 0.0220 0.5173 £0.0261 0.3394 + 0.0254
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gk
40% TA —20.6121 £ 0.2623 —19.7317 £ 0.0494 —19.6685 £ 0.0372
nESS 0.6672 +0.0262 0.6092 +0.0130 0.3803 +0.0347
Default Credit 20% TH —111.5428 + 0.2487 —107.7468 + 0.4478 —106.3956 £ 0.1212
nESS 0.1410 £ 0.0168 0.0559 +£0.0027 0.0249 +0.0022
40% TA —85.9698 £ 2.0902 —110.0845 + 5.4602 —85.6637 £ 7.9902
nESS 0.1712 £ 0.0090 0.0866 +0.0031 0.0413 +0.0039

T B NARN ERNIIME + frfEE.

N BN ZRRE T A E BRI, 18 3 JR/R T Adult 245 £ 7E 20% MCAR %4 R 1)
FEAZE nESS Al KA — AU E /0. BE#E K, A\ 1 39% 20, nESS I A% 0.6881 [ % 0.3451, Kk
IH— AR A A28 B 0.0095 THE 0.0156, WK I 25 3 EEMEAEASBOM B 58N 4E Hh A 701«
FEE A A EEERAE T, AU S b T R A A PRURL A5 U0 i B 1 1 Sl iUk . 255 14 2(a) i
TR R RN A IR, K, = 20 BOREBSAE ORI L, P A B EAMES X5 BB PR A 2 2R
MIRFIEARTT, SRR W] BEAEA (R I R v B 1 PR e 22 S R FEAE

(a) nESS ) (b) Maximum normalized weight
o 1.0 8 1-
N 0
N 2
o 2
B, 0.8 1 ~
5
n 3 0.1 1
g 0.6 2
- el
8 8
b =
o 0.4 - ©
) g 0.01 -
] ~
N (]
= g
g 0.2 -
£ g
o =]
5 E
Z 0.0 . : % 0.001 : . :
KLI‘=1 Ktr=5 KH‘=20 2 Ktr=1 Kn-=5 Ktr=20

e (a) [E K, =1000 , SRR FREFEERSEXT 5 IMSZ N BCEY; BEEE A B OB R G LR oR
B A BN ALIXTE] ;s (b) SRATR e il

Figure 3. Sample-level importance-weight diagnostics on Adult under 20% MCAR
[ 3. Adult #EEE 20% MCAR £ TR REEMNEILH

3.4. WEHERS

H MR R AN GG AMERE, LR RPN EITH . T AR TR T BT S RAs
AIAE 20% MCAR 6411, 530075 SEI SR B SRR AR K, )R IINGROCACHEIN RS, DA 4 b 25 2
FEAK( Ly, VWEANFEIT FOREMR, 2550 4 PR

7 4 0l W, ERTHEN=ANEEEE L, BE K, A 1S 20, ZRER(UMEEK, it
FEMSRE L, BRI BL Adult BRG], = L, A 20 B2 2000 I, F4hFERS H 0.083 s %5 1.106
so S EHTRIEAMERE 22T, BRI AN E BN AR BRE AL AR 70 Jm MR B PR AR AR %2, (HUEREE
Ca=aanc SiRicR

DOI: 10.12677/pm.2026.1611232 45 FHIBH 2


https://doi.org/10.12677/pm.2026.1611232

SRR, S

Table 4. Training optimization and imputation times under 20% MCAR
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K=1 K=5 K=20 L=20 L =500 L =2000

Hifatk

Synthetic-HET5 16.01(1.36)  1627(1.12) 16.68(1.52) 0.081(0.002) 0.283(0.012) 1.058 (0.034)
Adult 55.93(2.05) 56.56(2.19)  59.28(3.81)  0.083 (0.006)  0.287 (0.012)  1.106 (0.051)
Default Credit 81.12(2.87) 81.93(2.82) 82.99(2.45) 0.141(0.008) 0.497 (0.012) 1.931(0.051)
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