A ER-INC)

Chinese Optics B

FHAE b TSR B 17 R B R P A R
TR B A £ EIN
Reconstruction of torsion pendulum ground vibration response via fourier feature network

LI Jun-xiang, PAN Wen-qi, QI Ke-qi, WANG Shao-xin, DONG Peng

FIUHASLE:

FREE, WBCE, Froiar, E/AGE, M. T M IR S N 8 R AE 2 ()] R EDE s, kR doi:
10.37188/C0.2026-0083

LI Jun-xiang, PAN Wen-qi, QI Ke-qi, WANG Shao-xin, DONG Peng. Reconstruction of torsion pendulum ground vibration
response via fourier feature network[J]. Chinese Optics, In press. doi: 10.37188/C0.2026-0083

TEZR R View online: https://doi.org/10.37188/C0.2026-0083

L] RERGBR A HAN SO

Articles you may be interested in

23 (6] 53| 7 A R AR BRI AR R ZR BT 5T
Ultralow residual phase noise frequency synthesizer for space gravitational wave detection

HREDEE (FRPESC) 2025, 18(3): 661 hitps://doi.org/10.37188/C0.2025-0015
Z3 (5 | I AR B RS GRS M AL 5 ks BE A ik

Iterative estimation and precision suppression of inter—spacecraft tili—to—length coupling noise for the Taiji space gravitational wave

detection mission

DR (FhPESC) . 2025, 18(3): 583 https://doi.org/10.37188/C0.2025-0042
R B A P 4238 174 T D5 AR 6

Ground-based principle verification of clock noise transfer for the Taiji program

FREDE (FRIE3C) L2023, 16(6): 1394 https:/doi.org/10.37188/C0.2023-0012
AR R 8 B2 T o il b AT PR -2 B

Ground electronics verification of inter—satellites laser ranging in the Taiji program

rREDE (FhIESC) L2023, 16(4): 765 hitps://doi.org/10.37188/C0.2022-0041
LI B 25 16 LEASE R G 6 o 1 o 3 o

Magnetic field reconstruction at test mass using the multi—stage bias correction model
FREDE (FRIESC) L2025, 18(3): 596 hitps://doi.org/10.37188/C0.2024-0181
R 28] 5 | P I oty R gttt

Design of optical system for low—sensitivity space gravitational wave telescope

rREDE (FhIJE3C) L2023, 16(6): 1384 https:/doi.org/10.37188/C0.2023-0006


https://www.chineseoptics.net.cn
https://www.chineseoptics.net.cn
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2026-0083
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2025-0015
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2025-0042
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2023-0012
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2022-0041
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2024-0181
http://www.chineseoptics.net.cn/cn/article/doi/10.37188/CO.2023-0006

FxH FxW EP%%(EP%Y) Vol.x No. x
xxxx 4F x A Chinese OptiCS XXX. XXXX

XEHRS 2097-1842(xxxx)x-0001-16

11 #52 3 T i 2 Wi . ) B TR AE M R E

ZREW FHHS, KT, 0 ELE B
(1. BAR RSN E Z 4 % I 308 F Ik, M 310024
2. PERZRERFE FL, BE, 710600;
3. FER I A, LA 1000495
4 PERZRAFHRNMESERE 51 4K EHFQ, 3% 100190 )

FEEE 0] 25 [B] 5 | 3 R DN T 6 P 0 S 0 S PG R Q (R R NMF S5 A ), 4@tk T — AR s 2 IR B Y
i HL IHARRAIE X125 571 (FouCLNet) o B T - B 33 W S d7 b 5 42 9% 0K 238, ¥ A 7 303 b T S 90 28 S0l . A& S B
FEA AR S Q (HIRY RGN AAAETE IR B . B0 w58 B 0l S R AR R o AR SCR P X 0 ) B B
FRIEMLET, AR S H0 20 704 T 0.003-0.02 Hz X [8], PAVCHECHIEE 0.007 Hz B 4% #IEE 4 )2 235 M 4%, Bz
W LT PR E B L1 SR R A 5 ks 38 3 — [ B IR 2T SR e 5 | A S B, M AR o3 T R AR 25 A IR K
F le-8 g, DIMbAENE R U T AR e R O T X 52, DAPU By Runge-Kutta £ 4345 5 4 FLEFRZS, Bl HLAHEL
80% A 1A] YR, 20% B E] s Rl AT 36 . SEE0 25 5 Bon: IR R EGE 0.998 8, IE{HIR22/NF 0.4% W, 4k
MRVC AL 100%, DIZRE% B 7E 0.007 Hz FLPRG A 552 T & [543 70 B B UEARAHOC R 0.995 8, B S HE AL R
12.0.524 mso RS0 ST, B HL I RRAE i R PR I 24 0K AR ™ BB Ak SR IR S0 B AE B W iEAE
Fh B RAT, (HAE S i B J gl PR G R B 28 0511, T 52885 IR FF 0.986, 3R BH G5 M B 29 BN S 42 17— 3t A
FEAEH . BHFAMESERAER, 88 I 2R HH56 R A% 2 0.019, HBUR BARIRERS s HXT TR A S 5140 4L
Aef B, B )R 2 3K (R=0.029) o 7R 7 v AT FH T8 H1 U] [ 51 BT 9% 1 T30, £ PR B 200 7™ A% PR T 2R3 PR ) 4
Ysweo W5 0] ORS00 5 B N AR R G AR RN RS0 A0 N I S BE R (E R 5%, JF I & DR SE R sl 41
HSER S %

X B WERIEAL; BRI RS LR RAES T E B 5] kAR

FE4#S:0439;P171.3;TP183  BA#REFAD:A  doi: 10.37188/C0.2026-0083  CSTR:32171.14.C0.2026-0083

Y #s B H#3: 2026-04-29; 1&1T H HA: xxxx-xx-xx
EE W8 FAH SB35 H (No. 2024YFC2207203)
Supported by the National Key Research and Development Program (No. 2024YFC2207203)


https://doi.org/10.37188/CO.2026-0083
https://doi.org/10.37188/CO.2026-0083
https://doi.org/10.37188/CO.2026-0083
https://cstr.cn/32171.14.CO.2026-0083
https://cstr.cn/32171.14.CO.2026-0083
https://cstr.cn/32171.14.CO.2026-0083

: EPENGESS -

Reconstruction of torsion pendulum ground vibration response via

fourier feature network
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4. Center for Gravitational Wave Experiment, National Microgravity Laboratory, Institute of Mechanics,
Chinese Academy of Sciences, Beijing 100190, China)
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Abstract: To address the signal reconstruction problem of high-Q torsion pendulum systems under ground
seismic excitation in ordinary laboratory environments—pertinent to ground testing for space gravitational
wave detection—a curriculum learning-driven Fourier feature network (FouCLNet) is proposed. Existing
hardware isolation strategies impose stringent environmental requirements that are difficult to meet in ordin-
ary ground laboratories. Traditional physics-informed neural networks suffer from spectral bias, gradient con-
flict, and an inherent tendency for outputs to decay toward zero in high-Q oscillatory systems. Log-spaced
Fourier feature mapping is employed with frequency parameters uniformly distributed over the 0.003—
0.02 Hz band to match the 0.007 Hz natural frequency of the pendulum. A four-layer fully connected net-
work is constructed, and a hard amplitude constraint loss function is designed to prevent attenuation of mi-
cro-radian-scale signals. Through a three-stage curriculum learning strategy, weak physical constraints are
progressively introduced with PDE residual weights annealed to the order of le-8. Using the torsional re-
sponse under seismic noise excitation as the target physical quantity and fourth-order Runge-Kutta integra-
tion results as ground-truth labels, we randomly sample 80% of time points for training and 20% for in-distri-
bution validation. Experimental results demonstrate that the proposed method achieves a correlation coeffi-
cient of 0.998 8 on the training set, peak error below 0.4% full scale, 100% amplitude matching, and power
spectral density agreement at the 0.007 Hz resonance peak. The in-distribution discrete validation set
achieves a correlation coefficient of 0.995 8, and the single-point inference latency is merely 0.524 ms. Abla-
tion studies indicate that removing Fourier features or hard amplitude constraints leads to severe model de-
gradation. The pure data-driven configuration achieves good accuracy on the discrete validation set, yet its
correlation coefficient drops sharply to 0.511 in continuous-segment reconstruction, whereas the full method
maintains 0.986, indicating that weak physical constraints stabilize continuous temporal consistency. Tem-
poral extrapolation beyond the training domain yields a correlation coefficient of merely 0.019, accompanied
by spurious low-frequency drift. Furthermore, the model fails to generalize to continuous unseen periods
within the training domain (R = 0.029). Consequently, the proposed method is unsuitable for predictive extra-
polation beyond the temporal scope of the training data and should be strictly confined to interpolation scen-
arios within the established training domain. The method provides a high-fidelity in-distribution interpola-

tion reconstruction reference for torsion pendulum systems in ordinary laboratory environments and offers
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guidance for developing causal real-time vibration suppression algorithms.

Key words: torsion pendulum system; seismic noise; fourier feature; curriculum learning; space gravitational

wave detection
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Fig.2 Time-domain comparison and power spectral density of the training set
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Fig.3 Zoomed-in view of the time-domain comparison (2 000-2 100 s)
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Tab. 2 In-distribution validation metrics
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Fig. 4 In-distribution validation results
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Tab.3 Multi-scale computational efficiency comparison

Ik 10445 10°45 10545, Bt AL 7] 23R
RK4 <0.01's 0.03 s 0.14 s >1000 s
LS @RS 0.24 0.35 1.43 0.524 ms

VE: RKABEHLUSTRAER Hy =0T 53 25 F it 2009 BT l; A0 )7tk
S R B B, AR AL -
4.4 SNERENEIRSHIES T

hy 2 SEASAILE I 255 A A 2 B, BEHGE
YIN 25 st [a] 5 R %) Bsf 1) B (1500016 000 s, #4111 2k
G AEIR 2 3000 s) HEATINR . IR B B
SHITRRE S YIRS I AR — B, (I E] A AR T



3 x ¥

2R, S5 TSR T AR B0 W L) 18 HL I AR Ak o 4% i 11

YIZRIRZ A1

WK 5 iR, SR 25 R Bon, SMEBIC 25
F% 2 0.019, T4 it BIEE2Y 0.01 rad 1Y HE
RS, ZIG S 2.4 SR ST S
T —2: M T PDE 5% 2 E 2GR K & le-8

Extrapolation test (Out-of-Domain): R=0.0190

i R 55 Y AR, 4 B = 2 08 1 ) Bl — 5
PSR LN ZR IS A7 0 o 8 LI AR o 245
PR AR (AR Jo ol HCAE I R b e L ORf g B
A BB g A Ak, T R At R B P
.

0.0100

— RK4
0.007 5 1 --- FouCLNet
0.0050 |

0.0025 (U
-0.0025F | \}

Angle/(°)

10 500

11 000

11 500 12 000 12 500

Time/s
Extrapolation test error
102
E
2 104}
[
£ 10°
(=]
B 108}
< . . . . .
10 500 11 000 11 500 12 000 12 500
Time/s

K5 AMEIRER IR S

Fig. 5 Extrapolation test results

AR — 2 R, AR SO EAGE T2
Gy P (A TR, R B T IR A 1 K 30
.

4.5 HRRSZIE: BHAEMIEIT

G — NGRS T (WL 3.4 735), 45 471 Al s
5 T B HCRIEAR F SRR 4 PR, A AR
FE O IO Rl HE 0.007 Hz 4R, #5624k

1A 0.011, JRIFVERCE 1.0%2; B 2H B HAH
IR AR B ST, (L 1 R 0 o, S I i
M REL 0.361, HRIFVCHLE 18.2%"; D 4 7F
IEBZ I PR T 2 NG ATE G, MR E
0.142, JRIFICELE 0.2%2, ik =45 90 UE T
o8 L IR Bt 55 T M 240 SRR T A A5 )
B

x4 BHEIES LIHRSIIEERITEE
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Fig. 6 Scatter plots of predicted versus reference values for ablation groups on the discrete validation set
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Fig. 7 Time-domain prediction comparison of ablation groups on a continuous segment (500—1 500 s) within the training do-
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