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Supplementary Note 1: Physical model and mechanism of scattering spaces 

The scattering space can be modeled in a variety of convenient ways. In this section, we focus on a 

physical model that simulates the scattering space by means of scatterers placed in waveguides. In 

principle, the scattering degree is determined by the density of scatterers sρ  and the scattering cross 

section sσ  1: 
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where incS  denotes the incident energy flux, S represents an arbitrary surface enclosing scatters, sE  

the scattered electric field, and *
sH  the complex conjugation of the magnetic field. Essentially, for 

our model, taking a single scatterer at a given incident wavelength λ , sσ  depends only on the 

scatterer radius r  and dielectric constant sε , shown in Fig. S1. Hence, the variety of the scattering 

degree is simulated in our experiment by different sρ  and sε , and quantized by the mean free path 

obtained according to the Helmholtz equation. 

For quantitative characterization, we use the scattering mean free path l  to reflect the scattering 
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degree2: 

 ( ) 1
s sl ρ σ −= . (S2) 

Considering that the scatterers used to describe the multi-targets will also be coupled to the surrounding 

environment, we use the modified electrical polarization α′  to describe the feature of multi-targets3: 

 ( ) 12
0 01 ,i ikα α α

−
′  = − ∆ G r r , (S3) 

where iα  is the polarizability of ith targets, k is the wave number, and ∆G  represents the Green 

function difference with and without the scattering space. Apparently, iα α′ =  for weakly coupling 

cases. 

For experimental validation, the piecewise test of transmission rate iT  is an effective method to verify 

the constructed scattering space4: 
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where L  denotes the transmission length, the test process of total T can be seen in Methods. 

 

 

Figure S1 | Schematic diagram of physical model of scattering environment. The incident wave 

field scatters many times in constructed scattering spaces, the black line and the blue line respectively 

represent different scattering paths. Finally, the mean free path l is obtained statistically, calculated 

using scattering cross section sσ  or measured using transmission rate T . 
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Supplementary Note 2: Electromagnetic simulations of scattering spaces  

In fact, when using commercial full-wave software to solve the above model numerically, the 

simulation is extremely time-consuming due to the proper multi-scale problems and multiple scattering 

problem, which limits the efficient acquisition of data. In this section, we use a characterization method 

based on group-T-matrix to assist the extraction of scattering matrix S correlation terms in the GWS 

operator. 

Considering the coupling between scatterers, we decompose the waves on the qth scatterer ex
qψ  into 

the superposition of incident waves inc
qψ  and coupled waves s

pψ  5: 
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The current on each port of the Neuroute generator can be expanded as superposition of dipole current, 

and inc
qψ  can be expanded as: 

 ( )(1)
04

inc
q

i H kψ = − sr r , (S6) 

where ( )1
0H  is the Hankel function of order n=0. Following the same form, ex

qψ  can be expanded 

into: 

 ( ) ( ) exp( )
q

qex
q n n qn

I J k inψ φ= −∑ rrr r , (S7) 

where ( )1
0J  is the Bessel function of order n=0. Then the relationship between the incident wave and 

the scattered wave is established by the group-T-matrix method: 

 ( ) ( ) ( ) exp( )
s

p ps
p m m m sm

T I J k inψ φ= −∑ rrr r , (S8) 

it can be seen in Methods for more information about the group-T-matrix ( )p
mT . Comparing coefficients 

of the above equations can efficiently solve the wave field distribution ( )ψ r  in scattering spaces. 

When it comes to the GWS operator 1iα
−∝ − ∆Q S S , The global feature S  and local feature ∆S  can 

be easily obtained from ( )ψ r : 
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 out incψ ψ= S . (S9) 

Our previous work has shown the high efficiency of the method for electromagnetic simulations of 

scattering spaces. 

Supplementary Note 3: Efficient characterization of the Neuroute generator 

The ideal independent ports are difficult to achieve in practice. To generate the pure Neuroute, we need 

to fully characterize the coupling between the ports of the Neuroute generator. 

Considering two ports named ‘A’ and ‘B’, the mode excitation coefficient A
nW  of the port ‘A’ is 

constructed by the origin electric field A
excE  and the coupled electric field B

excE : 

 ( ) ( )A A A A B
n n exc n excW

Τ Τ
= ⋅ + ⋅J E J E , (S10) 

where A
nJ  denotes the nth mode current on ‘A’, and T is the transpose operation. Considering mode 

decomposition, electric field components can be expressed as 
1

M

n n
n
α

=

=∑E E  with the total number of 

modes M, where ( ) 11n n nW jα λ −= +  with the eigenvalue of the nth modes. Therefore, we can extend 

the electrical properties of multiports considering coupling to the matrix form6, 7: 

 0 λ= +W W PI W , (S11) 

where W is an unknown matrix representing the excitation coefficient of each mode current at each 

port, and the remaining matrix is represented by mode current and mode electric field as follows: 
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For solving ( ) 1
0λ

−= −W I PI W , a modified matrix ( ) 1
λ

−= −Q I PI  considering the coupling can be 

added into a traditional array factor, shown in Methods. Fig. S2 and Table. S1 show the accuracy and 

efficiency of our method respectively. 

 

 

Figure S2 | Comparison results for coupling ports between our characteristic mode theory (CMT) 

method and traditional full-wave method. The figure shows the normalized radiation pattern when 

the number of ports is 8, and the numerical comparison is made with the commercial software FEKO 

and the traditional algorithm moment method (MoM). 

 

Table S1 | Computational cost for the multi-ports Neuroute generator. δ  indicates the mean 

square error. 
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Supplementary Note 4: Architecture and training process of the istGAN of the Neuroute 

The istGAN is proposed to achieve information states acquisition on demand (also known as 

generating the Neuroute) based on the CycleGAN framework. The detailed network architecture of the 

istGAN is shown in Fig. S3. 

For the training process, 15000 samples are collected and divided into a training set (13500 samples) 

and a validation set (1500 samples). Among them, the gradient evolution and weight optimization of 

the istGAN are mainly realized with the help of training sets, and the istGAN can be used to generate 

the Neuroute after being calibrated by the verification set. The input information of the istGAN mainly 

consists of the on-demand wave field state demandψ  and the scattering matrix S, which are respectively 

fed into two parts of the istGAN. To facilitate convergence, the data are normalized. 

Specifically, the input of the forward surrogate network is demandψ , which contains amplitude and 

phase information, and the output is the scattering matrix S. The objective function of the istGAN 

draws on the conditional generation adversarial network (cGAN): 

 ( )
( )

( ) ( ) ( )( )( )|m log lin max og 1 |
data x zx p zD z pG

D x c zV D, D G cG  + −    =




   (S13) 

where V is cross entropy, G generator, and D discriminator. ( )|G z c  represents the fake data 

generated in the generator based on z according to condition c, while ( )|D x c  represents the result 

judged by the discriminator based on z according to condition c. It is worth noting that the istGAN is 

naturally suitable for solving the non-unique mapping problem discussed in this paper, whether it is 

fixed one component to train another or simultaneously. 

More importantly, in the inverse generation network, the noise with Gaussian distribution and the 

scattering matrix S as constraints are input into the network, and the demandψ ′  generated by the istGAN 

contains amplitude and phase information. Then, the generated demandψ ′  are sent into the pre-trained 

forward surrogate model to obtain the scattering matrix S corresponding to demandψ ′ . The loss of 

network was evaluated by the mean square error function to adjust network parameters: 
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where N is the sample number of each batch, ix  denotes the output value of the forward surrogate 

model, iy  and represents the value of the scattering matrix S in our data sets. 

 

Figure S3 | Architecture of the istGAN.  
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Supplementary Note 5: Experimental setup and measurement 

To reduce the quantization difficulty of the Neuroute, our experiments are carried out in a rectangular 

waveguide supporting only transverse electrical modes, as shown in Fig. S4a. The probe shown in Fig. 

S4b is attached to a VNA, embedded with ports scanning and data analysis program that provides the 

scattering matrix information to the Neuroute generator controller shown in Fig. S4c. In addition, in 

the stage of data set construction, we also need to perturb the position of the multi-targets to test the 

change of the scattering matrix ∆S . Besides, to avoid the near-field components of the electric field 

generated by the eight ports, the internal scatterer region is kept at least 100mm apart from the port. 

The near-field attenuation rule is shown in Fig. S5, which is the verification of the rationality of the 

experimental setting. 

 

 

Figure S4 | Experimental configuration. (a) A modified rectangular waveguide is used as the basis 

for scattering space equivalence. To detect the field inside the waveguide, we made 5mm*5mm 

detection holes on the top layer. The top layer and the bottom layer are fixed by connecting holes, 

which are convenient to disassemble, facilitating the placement of scatterers inside the waveguide. (b) 

The electric field probe is connected with the coaxial line, placed into the detecting holes for acquiring 

the electric field intensity, and the other end is connected with the VNA (Ceyear 3672D). (c) The 

multilayer microprogrammed control unit (MCU) mainly responsible for two tasks, one is to receive 
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the data processed by the upper computer (optionally, the embedded istGAN for intelligent analysis), 

and the other is to issue phase shift (TLDA-8G12G-30-6) and attenuation (TLDP-8G12G-360-6) 

instructions to the connected Neuroute generator. 

 

 

Figure S5 | Near-field components verification in experimental model. Calculated electric field 

components in X and Z directions (The Y direction is the direction of the transverse electrical mode 

that provides the main mode). (a)(b) show the distribution of two electric field components for Z=1mm 

(The Z direction is the propagation direction of the Neuroute), while (c)(d) Z=50mm. It can be 

observed that the scatterer configured at a certain distance can avoid the influence of the near field 

components of the radiation sources. 

 

Supplementary Note 6: Physical mechanism of the multi-target information states acquisition 

Considering that we demonstrate the Neuroute’ performance with the help of the GWS operator, in 

this section we continue to take the GWS operator as an example to illustrate the physical mechanism 

of multi-target information states acquisition. 

For multi-target information states acquisition, the core is capturing the physical parameters that 

determine the distribution of information states. Considering that the scattering matrix S depends on 

the location information ( )1,2,...,i i N=a  of N multi-targets, whose position vectors form the matrix 

R: 
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where 
iae  is a matrix formed by the unit vector of multi-targets coordinate movements. Denoting 

translation operator ˆ i ij
iT e− ∆= k a  with ( ),

T

i i xi yij k k= − ∇ =k  for the wave momentum of the ith target, 

we can get: 

 ( ) ( ) ( )1ˆ ˆ i i i i

i

j j
i a i iS T S T e S e− ∆ ∆−+ ∆ ⋅ = =R e R Rk a k aa . (S16) 

Substituting 1i ij
i ie j∆ ≈ + ∆k a k a , 
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 for the multi-targets ends up with: 
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Hence, for arbitrary input information states incψ  and output information states outψ , the following 

equation can be formed: 

 ( )
1 1 1

inc out

N N N

inc inc inc i inc out i out i i
i i i

Q
ψ ψ

ψ ψ ψ ψ ψ ψ
= = =

= − = −∑ ∑ ∑k k k k . (S18) 

The above equation shows that the core of multi-target information states acquisition lies in the 

extraction of the system scattering matrix and the wave momentum of the targets. Essentially, the 

former represents global information and the latter represents local information. What’s more, the 

reason that the Neuroute may seem counterintuitive is its abandonment of the local information, which 

will be discussed briefly in the next section. 

Supplementary Note 7: A brief explanation of why the Neuroute is non-invasive 

In spite that the existing neural networks are relatively lacking in interpretation, we can give the reason 

why the Neuroute is non-invasive physically8. 

For the Neuroute, it essentially constructs the mapping relationship between the system scattering 

matrix S and the on-demand wave field demandψ : 

 ( ) ( )demandf S g ψ= , (S19) 
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where f and g are nonlinear mapping relationships fitted by the neural network. The problems existing 

in equation S17 will be described later. Hence, for the eigenequation with eigenvalue θ  to be solved: 

 demand demandQψ θψ= , (S20) 

we can modify it into wave momentum form according to equation S16: 

 ( ) ( )
1

inc out

N

i i inc inc
i

f S
ψ ψ

ψ θ ψ
=

− = ∝∑ k k . (S21) 

This means that the nonlinear fitting of the neural network can restore the local information of the 

multi-targets with the help of global information when the location of the multi-targets is fixed. 

However, we notice that equation S17 is not strictly true in some specific cases, as shown in Fig. S6. 

Therefore, neural networks that can solve non-unique mapping problems are carefully selected in the 

design of the Neuroute, as detailed in Supplementary Note 4. 

 

Figure S6 | Mapping problems between global information and local information for the 

Neuroute. (a) and (b) reveal that the same S might correspond to different demandψ . The perturbations 
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near multi-targets will correspond to different local information a∆S  and b∆S , but the measured 

global information S is the same, eventually corresponding to different demandψ . (c) and (d) denote that 

the same demandψ  might correspond to different S. Imagining a very coincidental situation that 

c d=Q Q , where c c c∝ ⋅∆Q S S  and d d d∝ ⋅∆Q S S , corresponding to the same demandψ  apparently. 

(e) 100 samples intercepted from the dataset, and the difference is carried out with the first group of 

data as reference. If the difference is close to 0, it is considered the same. Several sets of data presented 

in the red box clearly show the same S might correspond to different demandψ . In addition, due to the 

extremely strict conditions, there is no obvious multiple S corresponding to the same demandψ  in our 

data set, so it can be regarded as a one-to-many problem rather than a many-to-many problem in the 

design of the istGAN. 

 

Supplementary Note 8: Validation of the Neuroute-based minimized information states 

The main text results show the most commonly used optimal information states acquisition scenario. 

The actual use of information states acquisition is on demand. For example, in the anti-eavesdropping 

scenario, we need to carry out adaptive shielding of the target. As a result, we also used the Neuroute 

for on-demand information states acquisition validation shown in Fig. S7. In this case, we collect data 

from 13500 sets of scattered scenes, and suppress the information states at the target with the Neuroute 

adaptively, achieving the effect of non-invasive self-adaptive anti-transmission. 
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Figure S7 | Example of anti-transmission using the Neuroute. By replacing the labels with anti-

transmission eigenvectors when training the istGAN, the effect of multi-targets information masking 

can be rendered after generating the Neuroute. 

 

Supplementary Note 9: Mathematical model of the parameters estimation precision limit 

To illustrate our approach to judging the information states acquisition effect in the Neuroute, we apply 

some mathematical tools. Considering the electric field distribution Eθ  related to the unknown 

parameter θ  and sample points mN  around the mth target with N multi-targets totally, with 

representing the additive Poisson noise caused by our measurements. The Fisher information is 

generally expressed by9: 

 ( ) ( )
( ) ( )

1 1

1mNN

ij
m k i j

E k E k
I

E k
θ θ

θ β θ θ= =

 ∂ ∂ 
=    + ∂ ∂  
∑∑θ . (S22) 

For multi-targets, Eθ  is the information states carrier obtained after environmental transformation of 

wave field sent by the Neuroute generator following incE Sθ ψ= , So the elements on the diagonal of 

I  evolve to: 
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where ka  can be considered as mode factors contributing to the test point, generating: 
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Considering unitary S and substituting 
1

1 1S SS S
θ θ

−
− −∂ ∂ = −  ∂ ∂ 

, we can obtain: 

 ( )
1 1

mNN

k inc inc k
m k

I a Q aθ ψ ψ
= =

=∑∑  (S25) 

Therefore, the operator Q can be conveniently used to represent the effect of multi-targets information 

states acquisition, which is also the original intention of choosing it as the Neuroute’s proof-of-concept 

verification. However, using the Fisher information matrix as the objective function to solve the 

optimal information states often requires repeated iterations. As shown in Fig. S8, information states 

optimization using heuristic methods can achieve a convergence effect similar to the Neuroute, but 

extremely time-consuming due to the iterations. The Neuroute shares the same principle with 

traditional methods and can achieve efficient and rapid adaptive effects. 
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Figure S8 | Comparation between the traditional method and the Neuroute. The ability of 

information states acquisition of the Neuroute is verified by a heuristic algorithm (the genetic 

algorithm). Because the convergence value of the heuristic algorithm is not stable, we use the best 

value after ten optimizations, and also use the CRLB as the objective function for comparison. Clearly, 

the Neuroute is reaching the parameters estimation precision limits without iterations. 
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