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Abstract

Neural operators offer a data-driven approach for rapid approximate solving of partial differential
equations (PDEs). However, they still confront two key challenges in continuous dynamical systems.
First, existing methods often fail to explicitly characterize time-evolving dynamic modes, leading to
constrained stability and interpretability in long-term predictions. Second, frequency-sensitive struc-
tures are prone to aliasing and high-frequency attenuation during deep propagation, thereby compro-
mising the reconstruction accuracy in physically sensitive regions. To mitigate the aforementioned is-
sues, this paper proposes the Channel-Decomposed Neural Operator (CDNO), which incorporates two
core designs. First, we introduce a pole-residue representation that extends operator learning from
the Fourier domain to the Laplace domain to enable explicit dynamic modeling. Second, we construct
a channel-decomposed anti-aliasing architecture, which enhances the frequency-band separation ca-
pability of feature extraction through multi-branch frequency-aware pathways and a controlled fusion
strategy. Across six PDE benchmarks covering regular grids, structured meshes, and point clouds,
CDNO achieves an average performance improvement of 15.1%, including gains of 39.7% on Burgers’
equation and 20.7% on the Navier-Stokes equations. Moreover, even with only 80% of the training
data, CDNO achieves performance comparable to the best baseline models, demonstrating superior
data efficiency. Furthermore, out-of-distribution analysis reveals that existing operators commonly
exhibit significant performance degradation on physically sensitive high-frequency modes, high-
lighting the need to introduce stronger physics-aware inductive biases for high-frequency struc-
tures.
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Figure 1. Preview of the CDNO architecture. The core of the CDNO architecture lies in integrating Fourier and Laplace
transforms through its channel decomposition structure
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Figure 2. Overview of the operator learning task applied to different partial differential equations (PDEs). The top section
showecases three specific PDE examples: Darcy flow, airfoil, and Burgers’ equation. The bottom section presents three addi-
tional PDE examples: Navier-Stokes equations, elasticity, and pipe flow
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Table 1. Main results on all benchmark datasets compared with 9 baseline methods: evaluated using the mean relative ¢,

error , where lower values indicate better performance; “Improvement Percentage” refers to the error reduction relative to the
second-best model in each benchmark; “-” indicates inability to handle the benchmark; color coding represents baseline rank-
ing (blue: best, green: second-best, orange: third-best)
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Model Elasticity-G Navier-Stokes Burgers Airfoil Darcy Pipe
U-NET [2015] 0.0535 0.1782 0.0142 0.0087 0.0080 0.0068
RESNET [2016] 0.0877 0.2765 0.0214 0.0391 0.0541 0.0111
LNO [2023] 0.0600 0.3076 0.0241 0.0190 0.0267 0.0138
FNO [2020] 0.0484 0.0974 0.0093 0.0164 0.0088 0.0066
F-FNO [2021] 0.0475 0.1402 0.0123 0.0083 0.0071 0.0070
WNO [2022] 0.0697 0.2015 0.0144 0.0175 0.0201 0.0088
KNO [2023] - 0.2021 - - - -
UNO [2022] 0.0469 0.1511 0.0273 0.0068 0.0121 0.0104
CNO [2023] 0.0482 0.1479 0.0282 0.0116 0.0061 0.0062
CDNO (Ours) 0.0452 0.0772 0.0056 0.0072 0.0051 0.0052
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Figure 3. Visualizes the prediction results and associated errors of seven neural operator models on the Navier-Stokes equations
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Figure 4. The upper panel showcases Navier-Stokes flow (Left) and Darcy flow (Right). The middle panel showcases Burgers’
equation (Right) and elasticity (Left). The bottom panel showcases pipe flow (Left) and airfoil (Right). For comparison of
predicted outputs, we plot the heatmap of the difference between ground truth and prediction
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Table 2. Comprehensive ablation study of CDNO: Investigating the impact of individual components on Navier-Stokes and
Darcy flow benchmarks (“w/0” indicates performance without the corresponding component)

3% 2. CONO LZRAMHRE . MR JIMTBHAENYE - IR SARREENK P “wio” FRRBIEI N
A ERIMERERIT)

Design Navier-Stokes Darcy
w/o mix 0.0988 0.0071
w/o FNO 0.2082 0.0292
w/o FrFT 0.1082 0.0076

w/o PR 0.1032 0.0079

CDNO 0.0772 0.0051

Table 3. Channel decomposition-mixing architecture: investigating the impact of different channel ratios on Navier-Stokes,
Burgers, and Darcy flow benchmarks
3. BENHE - MAEEM: RRARBESTEL G - HiEmdAE, AREAREREEREENR I 0m

PR:FNO:FrFT 1:3:4 2:3:3 1:4:3 1:1:2
Darcy 0.0056 0.0051 0.0057 0.0058
Burger 0.0058 0.0056 0.0061 0.0065

Navier-Stokes 0.0950 0.0772 0.0874 0.0921

(a) (b)

0.015

—e— FNO

0950
1.8x1072

0.092: 0.013

0.0874 1.4x10-2 0.011

L2 Loss
Loss

0.009
1x1072

L0772 \ 0.007
6x1073

0.005

1:3:4 2:3:3 1:4:3 112 4x1071 6x107T 8x107T 1x10° 0% 0.001%  0.01%
Channel Ratios (PR:FNO:FrFT) Training Dataset Ratio Noise Level

5. Comprehensive ablation study of CDNO: (a) Impact of channel decomposition ratios on Navier-Stokes benchmark perfor-
(b) Comparative performance on Darcy flow with varying decomposition strategies; (c) Noise robustness analysis across var-

ying decomposition strategies
[E] 5. CDONO HI4R & MEIERL IR 74T : (a) BB HREL BISTNE - it S EOE M RERIRNE; (b) PRI HERIE TEARES

O RE

s (€) FRISMRREE THIREEEME O
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Table 4. Performance comparison of neural operators on the Darcy benchmark under different training data ratios. “/” indicates
poor performance in ¢, error, and bold values represent the optimal performance

4 NENIGHEIRLE G T AREENAOHMAEE FIEREXE. Hp 7 RR 0 REMRERE, MAKERKETR

Rk
Ratio UNET FNO UNO F-FNO LNO CNO CDNO
0.2 / 0.2678 0.2734 0.2573 0.0718 0.0159 0.0173
0.4 / 0.0176 0.0183 0.0153 0.0415 0.0097 0.0088
0.6 0.1234 0.0146 0.0153 0.0142 0.0332 0.0076 0.0068
0.8 0.0107 0.0122 0.0134 0.0095 0.0293 0.0068 0.0063
1.0 0.0080 0.0088 0.0121 0.0071 0.0267 0.0061 0.0051

Table 5. Performance comparison of neural operators on the Darcy flow problem under different training set noise levels. “/”
indicates that the ¢, error performance does not meet the standard, and bold values mark the optimal results

& 5. PREINGEREAEKFETAREREBHMEHE FIHEREXILE. Bp “/7 RR 0, REMEREE, MERERIR

ResR
Noise% UNET FNO UNO F-FNO LNO CNO CDNO
0 0.0080 0.0088 0.0121 0.0071 0.0267 0.0061 0.0051
0.001 0.0094 0.0097 0.0115 0.0089 0.0269 0.0065 0.0054
0.01 0.0105 0.0114 0.0124 0.0095 0.0275 0.0067 0.0055
0.1 0.0113 0.0124 0.0126 0.0106 0.0281 0.0072 0.0055
0.5 / 0.0139 0.0138 0.0125 0.0285 0.0077 0.0057

Table 6. Performance comparison of neural operators on the out-of-distribution Navier-Stokes benchmark. The model is
trained on data with viscosity coefficient v =1x10" and tested under v =1x10"*. For the low-frequency (snapshot 1~10)
and high-frequency (snapshot 11~20), the prediction error is provided separately, with the second row showing the percentage
increase in error relative to the baseline (v =1x107°)

F 6. WINE - IR HMEENKNBMEE FERTEE. REEMERR v =1x10° EE LIZE, HE
v=1x10" FH TR SXHTSA(RR 1~10) SE5(IRE 11~20) RS H A HFTUNRE, HPEZITERENTE
B (v =1x10° ) iIREE KB 7L

NS viscosity coefficient FNO UNO F-FNO LNO CNO WNO CDNO (Ours)

v=1x10"° 0.0974 0.1511 0.1402 0.3076  0.1479 0.2015 0.0772
0.1827 0.2188 0.2038 0.3870  0.1909 0.2989 0.1706

Low Frequency

+87.5% +44.8% +45.4%  +25.8% +29.1%  +48.3% +120.8%

0.782 0.5510 0.7489 0.5699  0.5401 0.5540 0.6751

High Frequency
+702% +265% +434% +85%  +265%  +175% +774%

SATHNZACREST[28]: WiF 1 Fow, (EARYE - RSO EOESE EITAE R, CDNO fE4 MmN & E
(FiFE v =1x107°) FEUR T 0.0772 [OAHXS ¢, iR 2%, BERTHERLEN, BIHMEROEET.

RVEAEAE AL IR S AT ANZ AR RS, TE AT AR CREE v =1x 107" ) XS YN ZRAF IR AL BEAT K. inik 6
fii7n, CDNO fEfRAEA (PRIE 1~10) R ILH bk 1)z fhBe 71, H ¢, 20 0.1706, T Frst b i)
FLLRRIRL . BRT, FE AR (BRIE 11~20) 1, CDNO HBL T g (1% 2 i i, 3 ¢, iR 2wk 0.6751,
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MR T HAT JF A BRSE LR ZE 2RI T 774%. T ERFE R RS, WS R BT A A A A i AR A (PR
8 11~20) S I RG22z R EIA 0.55. X — IR IR T G A T AR AL TR 3 AR A S
DI B AFAE— Al R

Wt tk: il 6 fizn, CDNO TEVIZRid e Hh Ol i 2 r A LA ih 4R PR 418 3% 1t 55 1
ik T FNO il F-FNO S5 546 181 . CDNO 7EYIZRF-H(%) 200 %2)BI ik B FNO HIsEMERE, B IRk
gEikaT, HVEREE—DIRT I BT R A X 45K, CDNO AMUEEMINE =R, M
K kG ME RISy, & —FhEAR S RIE IR IT R

—— CDNO —— CDNO —— CDNO
F-FNO F-FNO F-FNO
rrrrrr FNO — FNO ; — FNO
=1 t
101
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Figure 6. Learning curves for Darcy flow (left), Burgers’ equation (middle), and Navier-Stokes equations (right), where the
horizontal axis denotes training epochs and the vertical axis represents the ¢, error

E 6. AFR(E) BHERHTGIE(R)FINLE - FIERATAIE(R)NF sk, HPEMEMINGRR, A, IRE

SR S5 RRM], AL A8 TE 70 AR A SRR E SRR Bl s T A iR AR S A 0 B 37 1) i el 7 77
PRI, RIS R RPEREIL TS . FE/NIUREAENA ', CDNO FHEL LAl M A S 7 FI8TT T 15.1%H)
PERE, HPEAE = SRS RE RO R LR T Es 39.7%, ERRE PRV andE - Bt e
JiRE EAT 20.7% ) R E R T [, RGVEIAS AR R 7 MRAVERS: 24 mx B S U
B EAS Y, 6045 CDNO 7 N (T A B U 2t B2 AL PR RE I 2 25 R B

5. &5i%
5.1. &5ig

ARSCER T IHIE 7 AR 2255 (CDNO), I A — i i 1 (1338 73 AL D RE i 3B 25 A 5 e gk
FOALBEARGE — A B e . BE - HTIESE T BRI HELTRE /), T 2 ISR W], CDNO £E /N T fhi
o7 RESR RS HENN s IR B 7 e BEVERE, I & i R SRR A i 307 5 7 _E S T ek
$eTto IXIAE T HAE B R A DR DA 1 22 S5 8 B 35308 545 B R ELRET7 T A% Lo L A Rk

HHERE, RGO WHERIFIESE 17— B AL I R S 5 4% CDNO fEA IR T
BT, AR P EEBUR B R RS I, L AR RE AR S R I N . X — BRI, iU
RIARAC R AL CURBR 1 Bl A DL AL, ik S 1 Al SR s Vi s S i ok 2077 R e JZ P BT L A1) 7 T )
[EEEPEIE

5.2. RE
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