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«  Multi-dim array for high-order structural data
Entry: (index1, index2.. )-> value <> Interaction of multiple objects
T JF index .
integer coordinates! BEEE: 1,2, .,
Social Network Online Ads Traffic Flow
entry

ZXRZEFERE

(user,user, message) (item, group, site, device) (city, road, population, period)

—A entry HZ4 mode FIXIRHERE(L KHkRig: VERFIERHERE,

Tucker, Some Mathematical Notes on Three-Mode Factor Analysis, Psychometrika, 1966.
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Tucker, Some Mathematical Notes on Three-Mode Factor Analysis, Psychometrika, 1966.
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Functional Bayesian Tucker Decomposition for Continuous-Indexed Tensor Data

ICLR 2024
Shikai Fang, Xin Yu, Zheng Wang, Shibo Li, Robert M. Kirby, Shandian Zhe - ICLR 2024 -
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latitude - longitude - height - time [

BB mode | factor NEZIRH D IREHEE]. ]

[1] Functional Bayesian Tucker Decomposition for Continuous-Indexed Tensor Data, ICLR 2024. LR e
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[1] Functional Bayesian Tucker Decomposition for Continuous-Indexed Tensor Data, ICLR 2024.
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f(x) ~ GP(m(x), k(x, x"))

Periodic Matérn (v = 3/2) Matérn (v =5/2
y=f(X)+¢ &~ N(0,0%)

iy g&hg& o
u(e) = KO [KEKX) + 0Ty A
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Rasmussen & Williams, Gaussian Processes for Machine Learning, MIT Press, 2006; [1] FunBaT, ICLR 2024.
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Temporal GPs <
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[1] Functional Bayesian Tucker Decomposition for Continuous-Indexed Tensor Data, ICLR 2024.
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Input: Observations D of a K-mode continuous-indexed tensor , kernel hyperparameters, sorted
unique indexes set {Z;} of each mode.

Initialize approx. posterior g(7), ¢(W), {¢(Z*)} and message factors for each likelihood.
repeat

Algorithm 1 FunBaT G C E P #?Twi%iﬁ% fn(Zk)i fn (W)' fn (T)

for k = 1to K do
Approximate messages factors { f,,(Z* (i), fo(7), fo(W)}_, in parallel with CEP sl
Update the approximated posterior ¢(7), (V') by merging the message (IZ)(T3). = é#é%;é% E%ﬁ q(W) 5 q(T)
Update ¢(Z¥) sequentially by KF and RTS smoother based on {16}
end for
until Convergence
Return: g(7), ¢0V), {g(Z}) } ., |

iﬁﬁ*ﬁ%j"ﬁgiﬁ%ﬁ Kalman filter + RTS smoother

i S 24 O(NKR) |
a 2 =E3 i B[ q(W), q(0), {q(Z9)}

N: XUMEL - K: 4EEE - R: &% mode g9f%

Algorithm 1: BE — £F5% — & mode A&

[ W — EEREE — & mode RS ]

[1] Functional Bayesian Tucker Decomposition for Continuous-Indexed Tensor Data, ICLR 2024.
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Figure 1: Results of Synthetic Data
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[1] Functional Bayesian Tucker Decomposition for Continuous-Indexed Tensor Data, ICLR 2024.



HSCEEsElS: EMixE (RMSE / MAE)

BeijingAir: 2014-2017 FF{tR=SHREICR; oFIFEN PM2.5, PM10 5 SO,

[1] Functional Bayesian Tucker Decomposition for Continuous-Indexed Tensor Data, ICLR 2024.

| RMSE MAE \

Datasets PM2.5 PMI0 S02 PM2.5 PM10 S02

Resolution: 50 x 50 x 150

P-Tucker 0.805+0.017 0.787+£0.006 0.686 £ 0.02 |0.586 = 0.003 0.595 4+ 0.005 0.436 + 0.011

Tucker-ALS  1.032 +0.049 1.005+0.029 0.969 + 0.027 0.729 + 0.016 0.741 + 0.007 0.654 + 0.034

Tucker-SVI  0.792£0.01  0.8+£0.026  0.701 £0.08 | 0.593 £0.01 0.605 % 0.019 0.423 £ 0.031

Resolution: 100 x 100 x 300

P-Tucker 0.8£0.101  0.73+£0.021 0.644 £ 0.023 [0.522 £0.011 0.529 £ 0.013 0.402 £ 0.008

Tucker-ALS  1.009 £0.027 1.009 £0.026 0.965 £ 0.023 | 0.738 £ 0.01 0.754 £ 0.007 0.68 £ 0.011

Tucker-SVI  0.706 £ 0.011 0.783 £0.067 0.69 £0.086 |0.509 = 0.008 0.556 + 0.031 0.423 £+ 0.031
Methods using continuous indexes
FTT-ALS 1.020 £0.013 1.001 £0.013 1.001 £ 0.026 |0.744 + 0.007 0.755 £ 0.007 0.696 £ 0.011
FTT-ANOVA 2.150 £0.033 2.007 £ 0.015 1.987 +0.036 |1.788 + 0.031 1.623 + 0.014 1.499 £+ 0.018
FTT-cross 0.942 £0.025 0.933£0.012 0.844 £ 0.026 [0.566 £+ 0.018 0.561 = 0.011 0.467 4+ 0.033
RBF-SVM 0.995+£0.015 0.955+£0.02 0.794 £ 0.026 [0.668 £ 0.008 0.674 £ 0.014 0.486 4= 0.026
BLR 0.998 £0.013 0.977£0.014 0.837 £ 0.021 [0.736 £ 0.007 0.739 £ 0.008 0.573 & 0.009
FunBaT-CP  0.296 £0.018 0.343 £0.028 0.386 = 0.009(0.18 + 0.002 0.233 £0.013 0.242 £ 0.003
FunBaT 0.288 +0.008 0.328 = 0.004 0.386 £ 0.01 |0.183 £ 0.006 0.226 = 0.002 0.241 £ 0.004
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[1] Functional Bayesian Tucker Decomposition for Continuous-Indexed Tensor Data, ICLR 2024.
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[1] Functional Bayesian Tucker Decomposition (ICLR 2024); [2] Generating Full-field Evolution (NeurIPS 2025).
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- (AR ER: SDIFT &RiEGYIBIZM21% =& (NeurlPS 2025)

Task: NIGER. IR, FHNRWAER, ERK SHEWER HEHEEELIDE

IRIBRN 2= EWE ,
Full Field

Evolutions

Sparse&

R, . W regular
A

Generating Full-field Evolution of Physical Dynamics from Irregular Sparse Observations

Panqi Chen, Yifan Sun, Lei Cheng, Yang Yang, Weichang Li, Yang Liu, Weiqing Liu, Jiang Bian, Shikai Fang

[2] Generating Full-field Evolution of Physical Dynamics from Irregular Sparse Observations, NeurIPS 2025. 16
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[2] Generating Full-field Evolution of Physical Dynamics from Irregular Sparse Observations, NeurIPS 2025. 17
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Theorem 1. (UAP of FTM) Let X1, - - - , X i be compact subsets of R®. Choose u € LZ(Xl 3¢ 4w 9
Xk ). Then, for arbitrary € > (), there exists sufficiently large {R; > 0,--- , Rg > 0}, coefficients

{ar, .. ri YEV B and neural networks {{fE YBx YK such that
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[2] Generating Full-field Evolution of Physical Dynamics from Irregular Sparse Observations, NeurIPS 2025. 18
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[2] Generating Full-field Evolution of Physical Dynamics from Irregular Sparse Observations, NeurIPS 2025.
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Figure 2: Illustration of DPS and MPDPS to handle the case of no observations at t’.
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[2] Generating Full-field Evolution of Physical Dynamics from Irregular Sparse Observations, NeurIPS 2025. 20
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BESeiiEscis: SEfaiRE (VRMSE)

Supernova Explosion Ocean Sownd Speecd Active Matter
Methods p=1% p=3% | p=1% p=3% | p=1% p = 3%

Observation setting 1: T,p. = Tiar

Tensor-based

LETFE [11] 0558 4+ 0.044  (0.429 4+ 0.043 (0345 £ 0036 0217 £ 0.066 | 0302 £ 0104 0.258 £+ 0.022
DEMOTE [35] 1285 £ 0,102 1.213 £ 0.217 [0.338 £ 0127 0314 + 0086 | 0950 £+ 0436 0871 £+ 0,497
NONFAT |27] 1229 £ 0,127 1197 £ 0.204 [0.402 4 0,090 0330 £ 0101 | 0921 £ 0.457  0.867 £ 0.413

Attention-based
Senseiver | 18] 0446 + 0.041 0349 4 0.023 |0.264 £ 0,037 02005 £ 0.031] 0.345 £ 0.094 0264 £+ 0.076

Diffision-based

CoNFiLD [5] 0.561 4+ 0.082 0427 + 0.037
SDIFT w! DPS 0339 + 0116 0.291 4+ 0.033
SDIFT w/ MPDPS  0.283 £ 0.026 0.272 £ 0.025

Observation setting 2 : | Tous| = 1| Tiar|

0,529 + 0.087 0.5075 £ 0L830
0298 £ 0065 0.174 4+ 0.043
0.215 + 0.068  0.156 + 0.046

0.201 £+ 0,034 0.145 £ 0.012
0.194 £+ 0,073 0.160 £+ 0.035
0.146 + 0046 0.108 £ 0.043

Tensor-based

LETFE |11] 0783 4+ 0416 0813 £ 0.206 |0.610 £ 0323 0508 4 0.297 | 0.620 4+ 0.484  (0.598 4 0.527
DEMOTE |38] 1.351 4 0209 1.223 4 0.397 |0.549 £ 00181 0533 £ 0,198 | 1.261 £ 0614 1.277 4 0.603
NONFAT [27] 1.278 4+ 0214 1.254 4 0.2785|0.465 4 0,153 0420 4+ 0,189 | 1.126 £+ 0.514  1.270 4 0.485
Attention-based

Senseiver | 18] MNot capable - | - - | - -
Diffusion-based

CoNFILD [5] 0757 £ 0199 06575 £ 01480310 4 0,054 0.2615 £ 0.038 |0.8265 4 0.167 0.779 £ 0.161
SDIFT w/ DPS 0.659 + 0.057 06450 4+ 0054|0412 £ 0,156 0407 £ 0,136 | 0674 £ 0,153 0637 £ 0.113
SDIFT w/ MPDPS 0,433 + 0.163  0.335 £+ 0.122 |0.181 + 0,084  0.165 £+ 0.041 | 0.296 4+ 0,096 0,256 4+ 0.087

[2] Generating Full-field Evolution of Physical Dynamics from Irregular Sparse Observations, NeurIPS 2025.
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StreamPhy: WMEE—IR, IRSEFH—IX
StreamPhy: Streaming Inference of High-Dimensional Physical Dynamics via State Space Models
Pangi Chen, Yifan Sun, Shikai Fang, Xiao Fu, Lei Cheng - arXiv:2605.07384 (2026) _

AR
SDIFT ez

old observations new observations ]
él—l [_‘_| I 4 L .Observation Encoder -
. ~ - " B> Previous State
Data AR i () :Current State
treams : : : i ; : : o ‘o

ntinuous o - )4 ~_]
states O/\(/\Wh | /\O StreamPhy
Full Field

_|—|_H.I.H_|—|% BB - (ERRI R RAIE
1

t, t, ot t me

0 n ‘n+l

\

old observations — state — new observation — updated full field O t+ X1 2 X full field

[3] StreamPhy: Streaming Inference of High-Dimensional Physical Dynamics via State Space Models, arXiv:2605.07384, 2026.
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[3] StreamPhy: Streaming Inference of High-Dimensional Physical Dynamics via State Space Models, arXiv:2605.07384, 2026.
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Figure 3: Illustrative comparison of FTM and FT-FiLM (K'=3).
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[3] StreamPhy: Streaming Inference of High-Dimensional Physical Dynamics via State Space Models, arXiv:2605.07384, 2026.
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[3] StreamPhy: Streaming Inference of High-Dimensional Physical Dynamics via State Space Models, arXiv:2605.07384, 2026.
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EAEITIR: T VRMSE

| Uniform Sampling 1 Slab Sampling

Turbulent Flow  Ocean Sound Speed  Active Matter Turbulent Flow  Ocean Sound Speed  Active Matter
p=3Np=56%lp=1% p=3%|p=1%p=3%|lp=3%p=5%lp=1% p=3% |p = 1% p = 3%

Tensor-based
LETFE | 14] (0.5633  (0.3505
OFTD [12] 0.5416 04510
CATTE [13] elv? 05916

(L9988  (.9537
(L7387 0.6721
0.1960  0.1920

04075  0.3757
0.5348  0.4847
0.1225  0.1187

(.3021 (0.2582 || 0.6517 0.4897
(.5542 (L3289 || 0.5034  (.4901]
(L1581 (0.1567 || 06563 0.6257

0.3453 0.2176
0.2571 0.1470
0.0941  0.0850

Attention-based
Senserver [30] | 027 (.2361 | 0.1553  (0.1248 | 0.2555  0.2020 || 0.3052  0.2578 | 02008 0,176 | 02762 0.2430

Diffusion-based
SDIFT [16] | 0.3248  0.2821 | 0.1466  0.1084 | 0.2158 0.1564 || 04070 0.4029 | 02713 0.1452 | 0.4231 0.3985

SSM-based
StreamPhy (SH) | 0.1283  0.0954 | 0.0862  0.0760 | 0.0895  0.0833 02004 01979 | 001324 0.1045 | 01452 (01278
StreamPhy (MH)| 0.0935  0.0696 | 0.0628 0.0562 | 0.0752 0.0732 || 0.1067 00978 | 0,0692 00634 | 0.09%05 0.0866

Table 1: Average VRMSEs under two sampling patterns across datasets and observation ratios.

[3] StreamPhy: Streaming Inference of High-Dimensional Physical Dynamics via State Space Models, arXiv:2605.07384, 2026.
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Uniform Sampling | Slab Sampling

frame #0 frame #2 frame 24 frame #6 frame #8 "lmﬂ #10 frame #12 frame #14 frame #16 frame #18 frame #20 frame #22 |

3 : Turbulent Flow Ocean Sound Speed  Active Matter Turbulent Flow  Ocean Sound Speed  Active Matter
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Figure 5: Reconstruction of Active Matter dynamics under slab sampling with p = 3%. SDIFT [16] 3.14s 3.21s 15M 0.84s 0.89s 15M L.31s 1.42s 12M
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[3] StreamPhy: Streaming Inference of High-Dimensional Physical Dynamics via State Space Models, arXiv:2605.07384, 2026.
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[1] FunBaT (ICLR 2024); [2] SDIFT (NeurIPS 2025); [3] StreamPhy (arXiv:2605.07384).
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[4] NVIDIA, Cosmos World Foundation Model Platform for Physical Al, 2025; [5] Assran et al., V-JEPA 2, 2025; [6] Google DeepMind, Genie 2, 2024.
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