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[Nitta, 2003] Solving the XOR problem and the detection of symmetry using a single complex-valued neuron




(I

[BEEENEI: BIABEINZS

v ERFEMERIRERZ R, TJUZBEReLUMZS

Q BB E /IR N EIC) [Arjovsky et al,, 2016]
/4
(Y
U
(&
BEBE3IVHETF
- MBI /IRE

[Arjovsky et al., 2016] Unitary evolution recurrent neural networks
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[Arjovsky et al., 2016] Unitary evolution recurrent neural networks
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[McCulloch & Pitts, 1943] A logical calculus of the ideas immanent in nervous activity
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[Bliss & Lemo, 1973] Long-lasting potentiation of synaptic transmission in the dentate area of the anaesthetized rabbit
following stimulation of the perforant path
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[Bliss & Lemo, 1973] Long-lasting potentiation of synaptic transmission in the dentate area of the anaesthetized rabbit
following stimulation of the perforant path
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[Bliss & Lemo, 1973] Long-lasting potentiation of synaptic transmission in the dentate area of the anaesthetized rabbit
following stimulation of the perforant path
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[Bliss & Lemo, 1973] Long-lasting potentiation of synaptic transmission in the dentate area of the anaesthetized rabbit
following stimulation of the perforant path
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[Bliss & Lemo, 1973] Long-lasting potentiation of synaptic transmission in the dentate area of the anaesthetized rabbit
following stimulation of the perforant path
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[Zhang & Zhou, 2021] Flexible transmitter network
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INFRISS x, L
- EREUEE
/ \5 5 = NN =TT — — 3
WBRE w SEEE s, + i iz — =L
= f(wx; + vry_qi) =R EIPR { oo 00— BB
SHRRE v 2 | BhY RS
ORAER ! -
\ SEVRENES Y ! BREREE
- WEER /T : MR Tl — xays
! EEHRE 1, :
- REVES s, ; S ECEURABETT

iR ee JAENGIENME

[Zhang & Zhou, 2021] Flexible transmitter network
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[Li et al., 2021] Fourier neural operator for parametric partial differential equations
[Su et al., 2024] Roformer: Enhanced transformer with rotary position embedding
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[Voigtlaender, 2023] The universal approximation theorem for complex-valued neural networks ot
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[Leshno et al., 1993] Multilayer feedforward networks with a nonpolynomial activation function can approximate any function
[Voigtlaender, 2023] The universal approximation theorem for complex-valued neural networks
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[Eldan & Shamir, 2016] The power of depth for feedforward neural networks
[Telgarsky, 2016] Benefits of depth in neural networks
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[Zhang et al., 2022] Towards understanding theoretical advantages of complex-reaction networks

[Wu et al., 2024] Theoretical exploration of flexible transmitter model 07
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[Zhang et al., 2022] Towards understanding theoretical advantages of complex-reaction networks

[Wu et al., 2024] Theoretical exploration of flexible transmitter model -



HRIL: S8 @080

BIRERIL
RABRRX/DSS
RERIA B 1RE
oo R oD ¥R X wmEER
SESENS SENE s
(ERREMNS SEMD

[Zhang et al., 2022; Wu et al., 2024]

S EE Y LURTHRE M BUTRE

[Zhang et al., 2022] Towards understanding theoretical advantages of complex-reaction networks
[Wu et al., 2024] Theoretical exploration of flexible transmitter model

mEAR
SEMZ

29



AR ZEBGRENRLT

SEGRETEDINHEE JRABERIE ©
> SLOAlBEFRIMEY RN ®E, W sigmoid 0 tanh

N’/

TMNBFRRE RSB

XU4E/RERE -




ﬁ/ %HI §1 7)%51

N’/

SREORTT

SEGRETEDINHEE JRABERIE ©
> SLOAlBEFRIMEY RN ®E, W sigmoid 0 tanh

S1EReLUF G R

(EESSIEINE

> MBTE. TN, SENBIKEMBILHSREE

XL/ RERE :

2 UYMBEEFRREE B E RN

QENR TR

Slsi=ZNEing

SHMERUGNEERNE ?

%I_:NTK X—Fiﬁﬂ %—TEW%%{?T & [Tan et al., 2022]

L=2, CRelLU

complex, n=100
complex, n=1000
— real, n=00

[Tan et al., 2022] Real-valued backpropagation is unsuitable for complex-valued neural networks
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[Kim & Adali, 2001] Complex backpropagation neural network using elementary transcendental activation functions
[Voigtlaender, 2023] The universal approximation theorem for complex-valued neural networks
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[Guberman, 2016] On complex valued convolutional neural networks
[Virtue et al., 2017] Better than real: Complex-valued neural nets for MRI fingerprinting
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[Wu et al.,, 2023] Complex-valued neurons can learn more but slower than real-valued neurons via gradient descent
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[Wu et al.,, 2023] Complex-valued neurons can learn more but slower than real-valued neurons via gradient descent
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[Wu et al.,, 2023] Complex-valued neurons can learn more but slower than real-valued neurons via gradient descent

[Yehudai & Shamir, 2020] Learning a single neuron with gradient methods 28
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[Wu et al.,, 2023] Complex-valued neurons can learn more but slower than real-valued neurons via gradient descent
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[Yehudai & Shamir, 2020] Learning a single neuron with gradient methods
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