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Automated three-dimensional modeling of deformed steel bars
incorporating JIS standards and scan data
(Proceedings of Symposium on Applied Mechanics)
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Mao KURUMATANTI, Ibaraki University
Tomoki MATSUOKA, Ibaraki University
Xi HUANG, Kisarazu KOSEN
Yuto SOMA, Fukushima KOSEN
E-mail: mao.kurumatani.jp@vc.ibaraki.ac.jp

This study proposes a simple and fully automated method for generating three-dimensional
models of deformed steel bars. The method focuses on the rib geometry, which has a significant
influence on bond performance, and parametrically reproduces its shape using a mathematical
model based on exponential functions. In addition, dimensional requirements specified in the JIS
(Japanese Industrial Standards) standard are incorporated, while geometrical features undefined
by the JIS specifications are enhanced by referencing 3D-scanned data of actual reinforcing bars.
The proposed method automatically constructs surface meshes during the modeling process,
enabling immediate output in the widely used STL format.
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Fig.2 3D models of longitudinal and shear reinforcements generated by the proposed method
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Three-Dimensional Meso-Scale Numerical Simulation of Reinforced Concrete Beams
Incorporating Realistic Aggregates and Reinforcement
(Proceedings of Symposium on Applied Mechanics)
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This study presents a numerical method for simulating the three-dimensional meso-scale fracture behavior of
reinforced concrete (RC) by incorporating the realistic geometries of coarse aggregates and deformed
reinforcing bars. The geometry of coarse aggregates was captured using a 3D scanner and directly integrated
into the numerical model, while the three-dimensional shape of the ribs on deformed bars was explicitly
modeled in the finite element mesh. The crack propagation behavior in mortar was simulated using a damage
model based on the modified von Mises criterion. Comparisons between numerical results and experimental
observations demonstrated good agreement in terms of load-displacement response and crack growth,
confirming that the proposed method can quantitatively reproduce the fracture process of RC beams.
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Template-based structural member instance segmentation for steel bridge point cloud data
(Proceedings of Symposium on Applied Mechanics)
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This study proposes an instance segmentation method for structural members of steel girder bridges toward
finite element (FE) model reconstruction. The method employs a parametric bridge template model representing
the basic structure and consists of two stages: main and secondary member recognition. Geometric parameters
are estimated using kernel density estimation to generate an initial model. Main members are identified using
normal-direction classification and template-based clustering, and their geometric parameters are estimated.
Secondary members are extracted using spatial constraints derived from the template model and geometric
pattern grouping. Validation with synthetic bridge datasets shows high segmentation accuracy for major
members, with geometric errors within several tens of millimeters. These results demonstrate the effectiveness
of a template-guided, structure-aware framework for reconstructing bridge FE models from point cloud data.
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Fig. 1 Point clouds and KDE-based dimension estimation.
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(a) Bridge A (6-girder bridge)

(bj BridgeB (5-girder bridge)

Fig. 2 Structural member instance segmentation results (left) and
constructed main-member template model (right).

Wz, EEMORBEEZ#ET 5720, 77 v—MET
o RUEL U7z A AR & S5 L 7o, S ST R
RN E BT D728, b EZE i O LT Rk 5058
WCHERATHD. B, KRE B0 7 7 v VHiz A, £
Koo = 7y FHZBWTWND, £ 2T, K OERS
7 NN OMESHER KRR S & x, y, 25 IS LTz
W, T 7 b— FET O & OER DTN & FREEC 5
DSWTC, BRI AXY T U=, HRBERIEIY, EBR
TEESEBICATHROR R 200 mm EREL, EOMEIC
HE IV RITHRE T 2 EEM IR T oA L Lz,

FLTC, DBELER FAZOREELZHET D &
TT U7 b— NET VO KMEEE EH Lz BRI,
KU T AL OELEERE, BILOWREHEE 2 320 Lz, il
HEEIZIE, /A ABRET LS HW S D HETRIFMUIERRZ
WAL, /A XOREERR LT 5 2 CTHM OB~k
oA MIHEELRE. kXY, EHLAEEEE D
LT T — METIOVETHL, M L ORI O %
ETNEAR L. ZHICEY, BRSSO LA
FIMELE 3 K O R STEZ ST — 2 0y D BEIICEYS 5
L ENAREE 2D

w2z, T oZREdE 2 FIH U TR ORGSR &2 1T
Sfz. ARGETRIG & LIz RIERM 3BT I L O E AR
ThHDH. RWFFETIE, BRI DR T > ORE S
NI fER B S, S HICHMRENER TS &0
EHRHEICRSE, T 7L — FETAERREL UTHER
R EXESEI L, BRI, EfveT, 770 Y
TP E N AR EE S X O A TR L. &K
FINIZEBWT, ERAFMSEICE Y xfAEE v =78 X
ORI R, z Mm% 7 7 v PFEME Lz, 20k, &
fE I N C DBSCAN (Density-Based Spatial Clustering of
Applications with Noise) & HWCHERENIE T FAZ Y
VI EAToTL. EMETHE LN T AZ AR & L
THIE L7z, fMTIC W TIE, SR 7 & & [ o SRR
WICHSE, BERBERBLO L FEERBREZT 3 HES
ZEETDZ & THNTA v A Z o AR LT, BAEmIC
%, ERBEMR AT EAMIESITV 3 DDEE S —T
fbL7z. BLEo X oz, ZEMMIHIK & 5 0% 42—
ZHURINCFIAT A Z & C, BRI oMM % ATREIC Lz,

4. EREBT 2RV

FEAER 72 6 EMTEHTIG (Bridge A) & 5 TAHT8MT4E (Bridge
B) ®3DETNVEEKL, Avia LIS EER LT
— & &=, 3D EF /LT Autodesk Fusion? % AV THERK
L, FHDOEITHE DCHE LIZEBRERED ) 4 XL
b, BEMMiERCT, EREN 100 HEY 7)o
L7z, F£72, SRITEHMA v AX U RAT L %(HS LIZIE
R — 4 ZAERR L, EFHECLODE LSO T L

OABHEEATIARER BANFERES

E2EIGANEY YR Y L/ EBEEMRICANFHEER

Table 1 Instance-level IoU for each structural member (standard
deviation).

Bridge A Bridge B
Deck 0.85 0.93
0.97 0.96
Main Web (3.8x107) (8.8%10)
girders Flan 0.97 0.91
£° (3.3x107) (5.0x107)
Cross 0.91 0.95
girders (18.8x107) (10.4x107%)
Stiffeners 0’535 -
(86.9x107%)
LB U7, FEFEARICIEL, BROTH T L L IERT

L D—F|ZH-3< ToU (Intersection over Union) % FV 7=.
v AT = a URERE Fig 2 18T, WiT—4 &b
WCEEAREM AR T 22 LR EN. —J7, M
DLETTUDITIRICE L TWE=Z 8D, Kk LT
SEENTWE., YDA 2AE AT HE S RWRSED
REEL, FICRBOHORIBER S I Aok, Zhi
WUEER 70 & EHEE IR S22V GEREZRHE LTV 5. & EE
@ IoU % Table 1 (2733, RIS OBEEAFET 241
DOWTIEEMFER] = & DY) ToU & FE R R % 7~ 9. AR,
T, BMTIEE T — 2 & bICEKBE COETETEY, [
VAR UAZ EONEREDOIEL D& b/INI ol —
Bridge B IZDHAFIET AR IZOWTIE, FERHEZAR
WER Lol BA AR AD R 150 SFET
FRRTAOIZ A 72 <, HEMT & OITHEIC X 0 AR S D A A8
MERENTZ. Fi7, HEE LSS IR TL, MER
L OSHEDOBAE TN mm~+H mm BETH Y, B
A= LT NS WVIEETH D Z L 2R L.

5. #&im

ARFFETIE, SRGARET — 25 FE 7 UL AN
CUTREEEM A v AZ AR T AT — a R
RL7m. BRTUTL— b ETEEMEL L, ERGHIC
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BRI RS < ZE IR & B DRl & — 2 E RT3 2
LT, BIEMOA L AR VAT AT — g U EERL
7=, BRUEREE AW REEOR B, THTER L OBifTic oW
TIXERE RN FEETH D Z & 28 Uiz AR,
TR O Ak 2 B RIOICRI A3 2 2 & CHREED ST
MEABET ) VT AR AE R LEELDTH D, 5%
%, BEMESBEROREICESFIEMET WbEztr o &
BT, WE LI FE 7T VO ZYMRGRELED D .

EfE2

ARWFFEIE IST B BIMFFE X B2 95 3£ JPMIFR205T & T8, JST
AR I B BRER AT ZE 7 1 775 & JPMISP2124 D48 %
ZF =L DT,

SE X

1) T. Nakamizo and M. Nishio: Shell Model Reconstruction of
Thin-Walled Structures from Point Clouds for Finite
Element Modelling of Existing Steel Bridges, Sensors, 25
(13),4167, 2025.

2) Autodesk Inc.: Autodesk Fusion , software, https:/
www.autodesk.com/jp/education/edu-software/fusion,
Accessed March 3, 2026.
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RBFBICLSBRERBNOOIMMERY 5 7HTE (PRI LEERE)
Deep learning-based estimation of structural component connectivity graph
from bridge point clouds
(Proceedings of Symposium on Applied Mechanics)

TRil #F (BUEKEE - & AT LDFHRLFEHTTERE)

PR EHET (UK - 2T LEHR)

Takumu HOSAKA, University of Tsukuba
Mayuko NISHIO, University of Tsukuba
E-mail: s2210657@u.tsukuba.ac.jp

This study develops a prediction method of structural topology graph from bridge point cloud data for uses in
efficient maintenance and digital twinning. The method consists of the processes of component-level
segmentation, clustering to extract instances, and prediction of infer connectivity between instance pairs to form
component connectivity graphs. The method was evaluated on the SemanticBridge dataset, an opened dataset
of bridge point clouds. Experiments show major components are segmented accurately, whereas bearing
remains difficult. Bearing-related instance noise degrades graph quality, highlighting the need to handle small
but critical components. Training connectivity estimation in the predicted-instance space (Pred train) improves
robustness against instance extraction errors and suppresses false-positive edges. The proposed method enables
reliable connectivity prediction for bridges where bearings are appropriately recognized.
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THEAEWZ D, WICZ OB E R L7247 1 > 7 O
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Vo7 TA VAL 2 6ZAT O, B 20 TSI 1) TR 2
LWV KHT, HMA U REF U RAEHT S,

[BEfe IR EE T V) 1F Fig.l FizRd X oic,
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ThEN, TEMIMHTET V) T2 7 AGHORET L h
2 E— & AdamW, [HEHGERERHEEET V) C R ET

Component extraction model

m preprocessing
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Bridge Point cloud Semantic segmentation
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14—

Instance segmentation

Connectivity estimation model
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feature
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Adjacency Matrix
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feature
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Fig.1

Deep learning based pipeline for bridge component connectivity graph generation

Fig.2 Test data of bridge point cloud
(above: Bridge 2, below: Bridge 6)
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Table 1 Results of semantic segmentation
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Table 2 Connectivity prediction performance for GT-train and

FrE—& Adam & V7o, F7o THERBIRHEEET V)
Tl¥. Hungarian 1512 & Y ¥ Intersection over Union (IoU)73
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5% TPredtrain] #1772, Table2 (2. fEHIERHETE
RrEfRA AL AZFES L FE [GTtrain) & L L’C
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fzim k Uiz, — 5 Pred train CTOF-EL3E Recall % GT train

X0 HIEV, T Pred train TiX, FIFET — Z VERIF DR
M CRE L LicH s &5 @Eﬁﬁ%‘bu%gff% ‘TER
Weh  FOE A FETERVWI EREREEZ NS,

Tl S TR T AN B - I A HIE L TR H
To i HEE 77 7 % | Bridge 2 & Bridge 6 FALEIUIZOW
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Pred-train
Bridge 2 Bridge 6 Brides 3 Bridec €
ridge ridge
mloU 0.761 0.902 Prod GT Prod GT

Deck IoU 0.997 0.962 train train train train
Girder IoU 0.977 0.967 Precision 0.676 0.220 0.960 0.208

Pier IoU 0.973 0.994 Recall 0.434 0.509 0.889 1.00

Abutment IoU 0.452 0.873

Bearing IoU 0.409 0.713 /

(a) Predicted (b) Ground Truth
Fig.3 Bridge component connectivity graph of Bridge 2
® Deck
i Girder
I‘ \ Bearing
- ‘ ) ‘ \ @ Picr
= “ \ \ @ Abutment
— / _“ @ FP instance
/1 \\ w7/ TN o

(a) Predlcted (b) Ground Truth
Fig.4 Bridge component connectivity graph of Bridge 6
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1) Qi, C.R. etal.(2017). Pointnet++: Deep hierarchical feature
learning on point sets in a metric space. Advances in neural
information processing systems, 30.

2) Qi, C.R, Su, H,, Mo, K., & Guibas, L. J. (2017). Pointnet:
Deep learning on point sets for 3d classification and
segmentation. Proc.lEEE conference on computer vision
and pattern recognition (pp. 652-660).

3) Kellner, M., Cervantes, M. F., Pan, Y., Lu, R., Brilakis, I., &
Reiterer, A. (2025). SemanticBridge--A Dataset for 3D
Semantic Segmentation of Bridges and Domain Gap
Analysis. arXiv preprint arXiv:2512.15369.

-12014 -



12015

E2EIGAANREY YR Y L/ EBEEMRICANFHEER

NFRAM)YIETIVUCEDIS RBENSDIRTETILVERICEITS
REEBEICH T B FEREFTHETE (& VROV LERRE)
Uncertainty Quantification for Unanticipated Structures in Parametric 3D Model
Construction from Point Clouds
(Proceedings of Symposium on Applied Mechanics)

Al RE GRRUR - 1) AW FiE GRETK - #rifiE)
Taichi ISHIKAWA, The University of Tokyo
Riki HONDA, The University of Tokyo
Pang-jo CHUN, The University of Tokyo
E-mail: tishikawa0O8c @ gmail.com

g FBE CGRER - 1)

With the growing availability of 3D sensing technologies, parametric model-based approaches for 3D model
construction have gained increasing attention. Although numerous methods employing parametric models
have been proposed, approaches that rely on pre-training require robust uncertainty quantification when the
input data correspond to structural types not anticipated during training. This study proposes a method for
appropriately quantifying uncertainty in parametric model-based 3D model construction from point clouds,
particularly for structurally unanticipated inputs. In particular, the introduction of ensemble-based techniques
was found to exhibit more desirable uncertainty behavior for inputs that were not observed during training.
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Fig.1 Network Architecture.
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(a) Predictive distributions (Deep Ensembles)
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(b) Predictive distributions (Monte Carlo Dropout)

Fig.2 Predictive distributions of shape class and parameters for target bridge point clouds.
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Fig.3 Predictive distributions of shape classes for un-
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MCP-based Data Integration, Tool Sharing, and Knowledge Sharing for Infrastructure Digital Twins
(Proceedings of Symposium on Applied Mechanics)

AW R GRECRT)
Riki HONDA, University of Tokyo
E-mail: rhonda@k.u-tokyo.ac.jp

The data platform for digital twins of infrastructure should be capable to manage the relationships among highly
diverse data sets. Considering the property of infrastructure data, we developed a data integration platform using
the MCP protocol to connect data and tools developed in the SIP project, and conducted a proof-of-concept
(POC) targeting several use cases. The POC demonstrated that establishing these relationships as procedural
knowledge when conecting data and tools via MCP effectively supports the stable operation of large language

models (LLMs).
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Fig. 1 MCP-based data integration and analysis orchestration
architecture.
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Fig. 2 Integrated dashboard of MCP servers: data, tools and
knowledge.
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Fig. 3 Use case map viewer showing spatial distribution of
UCI1-UCS data.
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Automatic Generation of Input Data for micrometeorological analysis
using Multi-Scale Simulator for the Geoenvironment
(Proceedings of Symposium on Applied Mechanics)
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Keigo MATSUDA, JAMSTEC  Toru SUGIYAMA, JAMSTEC

Yuya KURIHARA, University of Tsukuba

Toshihiro KAMEDA, University of Tsukuba

Tomoki KIYONO, Yokohama National University
E-mail: kazuya-honda@tepsco.co.jp

To conduct micrometeorological analysis using the multiscale atmospheric model, Multi-Scale Simulator for
the Geoenvironment (MSSG), we developed an automated method for generating digital twins. This method
utilizes 3D urban model data (Project PLATEAU) linked to the Ministry of Land, Infrastructure, Transport
and Tourism's National Land and Transportation Data Platform. The automated generation process reduces
manual labor and effort. Furthermore, to enable micrometeorological calculations in areas where PLATEAU
datasets are not sufficient, we have developed a system that automatically generates input data for these

calculations from other available datasets.
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Fig.2 Elevation based on PLATEAU (left) and GSI (right)
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ig.3 Land use based on PLATEAU (left) and JAXA (right)
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Fig.6 Comparison of MSSG and measurement (WBGT)
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This study proposes a framework for assessing the seismic risk of buildings in large-scale urban area. City-
scale numerical simulations and sensor network are integrated to update building-specific fragility functions.
The proper orthogonal decomposition (POD) technique plays a crucial role to analyze numerical simulation
data. The POD-based approach helps to represent large-scale simulation results in a more compact and mean-
ingful way, a crucial step in understanding seismic impacts. The framework also highlights the importance
of sparse sensor distribution. Furthermore, this study uses cloud analysis and Bayesian updating to update
the fragility functions of buildings based on sensor data. It first creates fragility functions for all buildings
based on cloud analysis using numerical simulation data, and then progressively refines them by incorporat-
ing sensor data through Bayesian inference. This dual-stage approach allows for a rapid risk assessment of
all buildings in a target area, with continuous improvements to fragility functions by the sensor data.

1. Introduction

This study introduces a framework for assessing earthquake risk
in large-scale urban area. It integrates numerical simulations and
sensor data to evaluate building seismic responses. The Stochas-
tic Green Function and Integrated Earthquake Simulation (IES)?
methods generate data for analysis. Fragility functions, repre-
senting building vulnerability, are derived from these simulations
and refined with sensor network, employing techniques Proper or-
thogonal decomposition (POD), sparse sensing technology, and
Bayesian updating. The effectiveness of the proposed framework
is examined with Sendai City as the target area.

2. Numerical simulation

In the numerical simulation of seismic motion, from earthquake
fault to engineering bedrock and then to the surface, two main
methods are employed to assess the response of surface structures:
the Stochastic Green’s Function and the Integrated Earthquake
Simulator (IES)?. The Stochastic Green’s Function method is an
extension of the empirical Green’s Function approach, introduced
by Irikura®, utilizing observed records to account for subsurface
structures’ effects on seismic waves. It is particularly useful when
suitable observed records are unavailable. IES, integrated with a
Geographic Information System (GIS), integrates earthquake mo-
tion simulation with structural and sesmic response simulation. It
involves generating earthquake waves, evaluating their impact on
structures, and analyzing evacuation and crisis management af-
ter an earthquake. By adjusting the fault model, various scenarios
are created for both methods, facilitating the generation of training
and validation datasets for seismic response analysis.

3. Sparse sensor network for monitoring

Proper orthogonal decomposition (POD) extracts dominant spa-
tial modes from data based on singular value decomposition
(SVD)3). Given a data matrix Y, its SVD is

Y =UzvT, M

and each snapshot y; can be approximated by a truncated expan-
sion

.
Yi ~ZZijuj, ()
=1

where u ; is the j-th POD mode and z;; is its corresponding modal
coeflicient for case i.

Using the retained modes, sparse sensing is formulated as a
linear measurement model:

y=HUz =Cz, 3)

where y € RP is the observation vector, H € RP*" is the sensor
location (selection) matrix, U € R**" contains the retained POD
modes, z € R” is the latent state, and C = HU € RP*" is the
measurement matrix. Observations are assumed to be contami-
nated by Gaussian noise N (0, foud | ). The latent state is estimated
via the pseudo-inverse™®:

,_[cTeety, psr, @
z =
«€crey'cty, p>r.

Sensor locations are optimized to reduce the uncertainty of Z.
Specifically, we adopt a D-optimal criterion, i.e., selecting H to
maximize the information content of C (equivalently, minimize
the estimation error covariance). A genetic algorithm is used to
search for the optimal sparse sensor configuration in this study.

4. Sequential update of a damage assessment model
The sparse sensor network provides partial observations of earth-
quake input and structural response, such as intensity measures
(IM) and engineering demand parameters (EDP). To map these
measurements to building level damage probabilities, we use
fragility functions derived via cloud analysis>:

(&)

InIM —1
Pf(EDP > LS| IM) = @(u),

B

-12018 -



Applied Mechanics Committee, JSCE

12018

where ®(-) is the standard normal CDF, and 7 and 3 are the me-
dian and dispersion.

To support city-scale updating, we model the IM—EDP relation
in log space with a Bayesian hierarchical regression®:

InEDPj;=aj+BijInIM;;+¢&j;, &ji~ N(0,0’z). 6)

Buildings of the same structural type share information through
type-level priors on (aj,[;) (partial pooling), which stabilizes
estimates when per-building data are limited or noisy (e.g., when
full-field responses are inferred from sparse measurements). For
each limit state LS, the posterior of (@}, 8;,0) is converted to
the corresponding fragility parameters (77, 8) using the standard
cloud-analysis mapping.

Exact inference is intractable for an urban inventory, so we use
mean-field variational inference. When a new earthquake pro-
vides additional data D;, we update the variational posterior se-
quentially by treating the previous approximation as a predictive
prior:

qr = argmax Eq[log p(D; | 6)] = KL(¢(0) | g:-1(6)) . (1)

This event by event update avoids refitting on the full histori-
cal dataset while continuously refining the fragility parameters in
Eq. (5) as new observations become available.

5. Workflow of the proposed sequential risk assess-
ment framework

The proposed framework operates through repeated predict update
cycles. Atstept, aspatial IM field (e.g., PGA) is obtained and used
to generate predictive damage estimates based on the variational
posterior from step #—1. When new observations are available,
sequential variational inference updates the posterior by treating
the previous approximation as a predictive prior and conditioning
on the new data, yielding updated damage estimates.

Figure 1 summarizes the workflow across multiple update
steps: the first row shows the IM (PGA) maps, the second row
shows predictive damage estimates before the current update, and
the third row shows the updated damage estimates after assimilat-
ing the current observation. In this study, only one target building
typology is included in the evaluation and updating, buildings out-
side this typology are excluded and shown as gray points.

Step 2 Step 12 Step 65
E 10 &‘
Before ;
update
Updated :\-‘ E

Fig.1 Workflow illustration of the proposed sequential damage assessment framework.

6. Conclusion

This study presents a novel method for assessing and updating
seismic risk profiles of urban buildings, suggesting a path forward
for making cities safer and more resilient to earthquakes through
technological and methodological advancements. The result un-
derscores the importance of integrating numerical, and highlights
the need for extensive data collection to further refine fragility
functions, suggesting future research directions that include ad-
justing fault parameters for broader scenarios and incorporating
more detailed intensity measures.
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Static data fusion could be used for integrating multi-source sensor measurements into a unified represen-
tation with reduced variance. This paper proposes a generative framework for static data fusion without
any limitations on the nature of the noise distributions based on heteroscedastic Variational Autoencoders
(VAES) that treats likelihood derivation as a generative noise modeling task. The methodology comprises
of two distinct phases: an offline stage where a VAE learns the underlying noise distribution directly from
deviation vectors, and an online inference phase that utilizes an Importance Weighted Autoencoder (IWAE)
structure to compute the posterior distribution. Numerical verification using the fusion of two 10-dimensional
multivariate logistic datasets demonstrates that the proposed framework serves as a robust surrogate for the
likelihood function. The results show that high-fidelity posterior estimation is achievable even within a com-
pressed latent space equivalent to only 30% of the original feature dimensionality. This approach offers a
robust advantage for real-world Bayesian inference by bypassing the need for explicit parametric equations
in complex, high-dimensional environments and overcoming limiting assumptions based on Gaussianity.

1. Introduction and Motivation

Measurements acquired from real-world sensors are inherently
noisy. An appropriate method to handle this uncertainty is to treat
the collected samples as instantiations of specific probability dis-
tributions. When analyzing concurrent readings from an array of
sensors, static data fusion can be used to merge this information
to yield an estimate that is significantly more precise than any in-
dividual measurement. In the context of digital twins, static data
fusion is particularly applicable when multiple data sources de-
scribe the same physical phenomenon or operating condition, and
the objective is to integrate these views into a unified representa-
tion with reduced variance.

Generative Machine Learning (ML) methods have been ap-
plied to address various real world problems. A particular ap-
plication that is similar to the problem that we are trying to ad-
dress in this study is data assimilation (Chen et al.D). In ML-
assisted data assimilation for dynamical systems, the state is first
advanced in a forecast/prediction step and then updated in an anal-
ysis/correction step when new observations become available. For
high-dimensional systems, Cheng et al.!) emphasize that data
assimilation could be accomplished in the latent space (called
latent space DA) leading to computational efficiencies. In this
sense, latent-space DA is a recursive state-estimation framework
for time-evolving systems, in contrast to the static representation-
level fusion of multiple views, which is the focus of this study.

Bayesian inference provides the foundational mathematics for
integrating prior beliefs with new observations via Bayes’ rule.
Yet, characterizing the exact likelihood function becomes a ma-
jor issue when the data exhibits complex, non-Gaussian traits.
To resolve this, the proposed methodology treats the likelihood
derivation as a generative noise modeling task. By deploying
a heteroscedastic Variational Autoencoder (VAE) (Kingma and
Wellingz)), i.e., a VAE with a stochastic encoder and a stochas-
tic decoder, the system learns the underlying noise distribution
directly from the data, acting as a surrogate for traditional para-
metric equations.

2. Proposed Generative Methodology

Suppose data is available from two sources, X and Y. Then,
the posterior distribution p(x|y) could be computed following the
Bayes’ theorem,

- PUOES, p) = [ papedr )
p(9)

Here y is the mean of a set of new observations (yi € Y),

{y',...,yM} and p(y|x") is the likelihood. The prior is the em-

pirical distribution (x' € X), {x!, ...,x™} given by

N
1 n
p) =5 D80 =" @)
n=1
Substituting Eq. 2 into Eq. 1 results in the following posterior
N
p(xlg) = D B 6(x —x") 3)
n=1
where the posterior weights 8" are given by
T
g = 15(y| _) _ @
25 pyhy)

The proposed method discards the requirement for explicit
likelihood equations, substituting them with a machine learning-
based density estimator based on the deviator vector, i.e., the de-
viation v" between the observation mean (y) and a prior state x™.

V=g -x" = pylx"™) = pu(y-x") 5)

The framework operates in two distinct stages: offline model
training and online posterior inference.

2.1. Offline Noise Characterization

During the offline stage, the system characterizes the noise by
computing the arithmetic mean of a training observation set. In-
dividual deviation vectors are generated by calculating the dif-
ference between this mean and each respective sample. A VAE

is subsequently trained exclusively on these noise vectors, vk =

Ytrain — Y-

The VAE architecture consists of an encoder, ¢ (z|v), that
maps the high-dimensional noise into a lower-dimensional latent
space (z € Z), and a stochastic decoder, p ¢ (v|z)], that attempts to
reconstruct the original input. During training, the network max-
imizes the Evidence Lower Bound (ELBO), which balances re-
construction accuracy against a Kullback-Leibler (KL) divergence
penalty. This regularization penalty ensures the latent space re-
mains smoothly structured and prevents the network from memo-
rizing isolated data points.
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Fig. 1: Fused dataset involving the 10D Multivariate logistic dataset (First 3 dimensions)

2.2. Online Bayesian Inference

For the online inference phase, the deviation of the prior samples
from the observation mean, i.e., j — x", is computed for every
prior sample. To accurately assess the probability density of these
deviations, the framework implements an Importance Weighted
Autoencoder (IWAE) (Burda et al.®)) structure. Standard VAEs
only yield a lower bound on the true log-likelihood, which intro-
duces amortization error due to imperfect posterior approxima-
tions. The IWAE resolves this by drawing a large number of in-
dependent samples (specifically, k = 1024) from the encoder’s
latent space distribution. By calculating the average (£, (v")) of
k number of importance weights

_pe("zi)p(zi)

i = 6
q¢(zilv™) ©

across the latent vectors, zy,...,zx ~ ¢qg(z[v"), the system
achieves a substantially tighter bound on the true log-likelihood.
Here, p(z;) is the standard Gaussian prior. Finally, these refined
likelihood estimates are normalized across all prior states to gen-
erate the final posterior weights, 8y, as

L

B = ——— ©)
2L

3. Numerical Verification

A core limitation of conventional Bayesian integration is the in-

ability to easily formulate likelihoods for non-Gaussian informa-

tion. To demonstrate the generative framework’s capacity to by-

pass this constraint, a comprehensive experiment was executed

utilizing a 10-dimensional multivariate logistic distribution with

independence across individual dimensions.

The synthetic data was drawn from two independent 10-
dimensional domains, serving as the prior knowledge base and
the new observation set, respectively. Following the previously
detailed methodology, the VAE was trained directly on the devi-
ation values between the observed samples and their computed
mean. To force meaningful compression and feature extraction,
the latent space bottleneck of the neural network was restricted to
exactly three dimensions.

To establish a semi-analytical benchmark for verifying the
VAE-based fusion results, a Kernel Density Estimation (KDE) ap-
proach was utilized. However, explicitly evaluating the joint pos-
terior density across a multidimensional grid is computationally
prohibitive due to the curse of dimensionality, as the number of
evaluation points scales exponentially as O(K?).

To overcome this intractability, we evaluate the marginal distri-
butions of the fused dataset by assuming independence across in-
dividual dimensions. This assumption reduces the computational
complexity from exponential to linear, scaling at O(D X K), which
renders the validation highly tractable even for high-dimensional
cases.

For each dimension d € {1... D}, the procedure extracts the
1D samples from the prior X. 4 and the observationY. 4. A Gaus-

(c)

sian KDE is fitted to the prior samples to obtain KDE prjor, and
another Gaussian KDE is fitted to the deviation samples (7 —y) to
represent the likelihood, KDE oy ce. After defining a 1D eval-
uation grid, the unnormalized posterior density for the d-th di-
mension is computed via the element-wise multiplication of the
prior density and the likelihood density evaluated at shifted grid
arguments

Punnorm = KDEprior (grid) X KDEsource (ﬂy —grid) (8)

Finally, the true marginal posterior pposs is obtained by nor-
malizing punnorm using Simpson’s rule for numerical integration
over the 1D grid.

As shown in Fig. 1, the proposed generative ML frame-
work proved highly successful at integrating the non-Gaussian
datasets. Despite the mathematical complexities inherent in the
10-dimensional logistic case, the VAE effectively operated as a
flexible surrogate for the likelihood function. The system gen-
erated marginalized posterior distributions that successfully cap-
tured the complex data structure without relying on explicit para-
metric equations, empirically validating the proposed methodol-

ogy.

4. Concluding Remarks

In this study, we present a robust generative methodology based on
heteroscedastic VAEs for static data fusion, particularly for non-
Gaussian datasets. Furthermore, the inclusion of multi-sample
importance weighting via the IWAE objective significantly dimin-
ishes amortization errors. The proposed methodology is verified
through a case study involving non-Gaussian datasets that demon-
strating strong alignment with expected semi-analytical solutions.
Notably, this high fidelity is achieved despite the fusion occurring
within a compressed latent space equivalent to 30% of the origi-
nal feature dimensionality. This framework represents a promis-
ing direction for robust Bayesian inference in complex, real-world
scenarios.
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