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P H Y S I C S

High-capacity directional information processor using 
all-optical multilayered neural networks
Guannan Wang1, Xiaofei Zang1,2*, Teng Zhang1, Zhiyu Tan1, Ziqing Guo1, Yiming Zhu1,2*,  
Xianzhong Chen3*, Songlin Zhuang1

We propose a directional-diffractive deep neural network (D-D2NN) by encoding the wave propagation direction 
into a D2NN, introducing a new degree of freedom and enable high-capacity information processing. The unprec-
edented capability of metasurfaces in controlling light propagation provides a new opportunity to realize such a 
D-D2NN. We propose and demonstrate a versatile D-D2NN using three spin-decoupled metasurfaces. Simulta-
neous control of geometric and propagation phases is used to realize direction-dependent functionality. High-
capacity information processing is demonstrated by controlling the distances between neighboring metasurfaces. 
The efficacy of our approach is exemplified through the classification of digits and fashion products in two chan-
nels and the calculation-like function realized in four channels. Moreover, the proposed D-D2NN can divide rich 
information into multiple channels, enabling high-volume data encryption. The metasurface-enabled deep learn-
ing networks with versatile directional functionalities provide a flexible route toward massively parallel process-
ing, pattern recognition, encryption, and artificial intelligence systems.

INTRODUCTION
All-optical information processing, which uses photons as infor-
mation carriers and is widely regarded as one of the most promis-
ing candidates for modern computing systems (1, 2), offers unique 
advantages such as high-speed processing, low energy consump-
tion, and massively parallel capabilities. Over the years, there has 
been a long-standing pursuit of controlling light by developing 
brain-like optical neural computing frameworks, including opti-
cal reservoir computing (3), spiking neural networks (4), Mach-
Zehnder interferometer networks (5, 6), and diffractive deep neural 
network (D2NN) (7–9). Notably, D2NN consisting of cascaded dif-
fractive layers have emerged as a free-space platform that can take 
advantage of deep learning algorithms to design diffractive surfaces 
with unprecedented capabilities in all-optical computational tasks 
and visual processing (10). Benefiting from the light-speed opera-
tion and power efficiency, a plethora of all-optical information 
processors such as image classifiers (11, 12), logic operations (13), 
imaging processors through diffusive media, and universal linear 
transformations (14, 15) have been achieved on the basis of D2NNs. 
Despite the notable advances of D2NN, there are growing demands 
for integrating multiple functions/applications into D2NN, pro-
moting the development of D2NN with high-capacity information 
processing capability.

To enhance the function integration, the multiwavelength D2NNs 
have been proposed to process multiple tasks with multiple wave-
lengths. This is realized by training a variety of tasks at different 
wavelengths and encoding the required phase profiles into three-
dimensional (3D) printing diffractive surfaces. Examples include the 
multiwavelength unidirectional imaging (16, 17), multiwavelength 

complex field imaging (18), and multispectral all-optical informa-
tion hiding-decoding system (19). However, these unique functions 
rely on the construction of 3D-printed diffractive surfaces, which 
are hindered by large volume, high cost, and low integration levels. 
Metasurfaces, 2D counterpart of metamaterials, can generate abrupt 
phase modulations at flat meta-atom interfaces, which provide an 
ultracompact platform to manipulate the properties of electro-
magnetic (EM) waves at subwavelength scale (20, 21). Because of 
the exotic properties of metasurfaces, a plethora of applications 
such as the generalized Snell’s law of refraction/reflection (22, 23), 
spin-Hall effects (24), quantum sources (25, 26), holograms (27–
29), polarization converters (30,  31), and metalens (32–34) have 
been demonstrated in recent years.

The dielectric metasurface has been designed on the basis of 
phase and wavelength multiplexing to integrate multitarget D2NN 
with different tasks operating at distinct wavelengths (35). Polar-
ization, as a fundamental property of light, can be applied to de-
sign polarization–multiplexed D2NN that enables the capability 
in processing multiple tasks by switching the incident polarization 
states. Using a single diffractive network trained by deep learning, 
a polarization-multiplexing diffractive processor has been con-
structed to perform multiple complex-valued, arbitrary linear trans-
formations (36). A metasurface-based polarization multiplexed 
all-optical linear neural network can be designed to process various 
recognition tasks including the recognition of handwritten digits 
and fashion items (37). To break the multiplexing between two or-
thogonal polarization states, the matrix D2NNs are proposed to pro-
cess sophisticated inference tasks by encoding polarization-sensitive 
Jones matrix into the all-optical polarization multiplexing net-
works (38). In addition to wavelength and polarization, rotation 
angle is another degree of freedom that can be used to design angle-
dependent D2NN for the processing of multiple tasks (39). However, 
all of the previous D2NN can only implement the corresponding 
functionalities in a specific direction, i.e., in the forward or back-
ward direction. How to achieve direction-dependent functions, i.e., 
versatile functionalities in both forward and backward propagating 
directions, remains a notable challenge.
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Unlike 3D printing–based diffractive surfaces with only the 
phase or amplitude modulation functions, metasurfaces can also 
manipulate the polarization of EM waves, providing a unique de-
gree of freedom to mimic D2NN. In particular, the spin-decoupled 
metasurfaces enable the extraordinary ability to independently 
manipulate two orthogonal helical components (of EM waves), 
and thus, a spin-dependent light beam propagating from the for-
ward and backward directions will experience different wave-
front modulations, providing a robust approach to achieving 
directional functionalities.

Here, we propose a distinct approach to designing a directional-
diffractive deep neural network (D-D2NN) that showcases the 
distinct functionalities in the forward and backward directions, open-
ing a degree of freedom to integrate more functions into the D2NN. 
Our designed D-D2NN consists of three layers spin-decoupled 
metasurfaces, which can independently control the phase functions 
in opposite propagation directions. This approach provides a flexi-
ble platform to mimic direction-dependent D2NN, leading to a high-
capacity directional processor. An image classifier that can identify 
the handwritten digits and fashion products in the two opposite 
channels is experimentally demonstrated using the designed D-
D2NN. By controlling the distances between the three layers spin-
decoupled metasurfaces, a calculation-like processor with addition-, 
subtraction-, multiplication-, and division-like functions in the four 
directional-dependent channels are achieved. We further experi-
mentally demonstrate a confidential processor that can transform 
each input digit into different digits, letters, and images in the 
direction-dependent channels, leading to the high-capacity infor-
mation encryption by switching the input information. The ap-
proach in designing D-D2NN with independent functionalities in 
opposite propagation directions opens a previously unknown di-
mension to function integration, which will enable applications in 
data processing and information encryption that require high speed 
and high capacity.

RESULTS
Figure 1 shows the schematic of three layers spin-decoupled meta-
surfaces with different interlayer distances to mimic D-D2NN with 
high-capacity information processing capability in opposite propa-
gation directions. The input comprises a plethora of ciphertexts “2, 
7, 8, …,” propagating from the forward/backward direction, which 
are processed by the three hidden layers to decode distinct informa-
tion (from the directional channels). Upon the illumination of left 
circularly polarized (LCP) terahertz (THz) waves from the forward 
direction, the decoded information “S, E, C, …” is achieved for the 
interlayer distance of d1, while another decoded messages “R, E, T, 
…” are obtained for the incidence of LCP THz waves from the 
backward direction. Furthermore, the decoded images “sun, cloud, 
thunder …”/ “half-moon, full-moon, stars, …” are observed in the 
opposite channels for the interlayer distance of d2. The target/true 
information can be revealed by synthesizing the decoded informa-
tion across the four direction-dependent channels. Since the true 
messages are divided into the four directional channels, the partial 
information interception cannot restore the true information, lead-
ing to the information encryption facilitated by the D-D2NN with 
security-sharing function (or distinct functions) due to the high-
capacity directional information processing in the versatilely direc-
tional channels.

D-D2NN design
To further demonstrate our proposed D-D2NN that is different from 
the traditional D2NN, two schematics are illustrated in Fig. 2A. The 
conventional D2NN is limited to achieve a single function in the for-
ward direction, while D-D2NN enables the capabilities in simultane-
ously controlling phases in both forward and backward propagating 
directions, allowing for distinct functions in the two opposite chan-
nels. The operating principle of our design is shown in Fig. 2B. For 
the incidence of LCP THz waves from the forward direction, the dif-
fractive field after a mask will be firstly modulated by layer 1 with 
phase1_L (the phase in the LCP channel) and then modulated by 
phase2_R [the phase in the right circularly polarized (RCP)] channel 
of layer 2) and phase3_L (the phase in the LCP channel of layer 3) 
from layers 2 and 3, respectively. In contrast, when the LCP THz 
waves are illuminated from the backward direction, the sequential 
order of the phase modulations (for the diffractive field after a mask) 
is phase3_R, phase2_L, and phase1_R, respectively. Since each 
hidden layer consists of spin-decoupled metasurface, the phases of 
phase1_L/phase2_R/phase3_L and phase1_R/phase2_L/phase3_R in 
layer 1/2/3 (see the phase profiles in Fig. 2D) can be independently 
controlled in two orthogonal polarization channels. Therefore, phase 
modulations in the opposite propagating channels are the two uncor-
related phases that can be independently manipulated to generate dif-
ferent functions. In experiment, we mimic the backward incidence by 
horizontally rotating each metasurface with 180° along the y axis and 
spatially exchanging the layer 1 and layer 3 while maintaining the 
incidence of LCP THz waves from the forward direction.

To realize directional-dependent functionalities, the D-D2NN 
are trained on the basis of optical diffraction theory. Each hidden 
layer is implemented by a spin-decoupled metasurface encoded 
with the trained phases of phasei_L and phasei_R (i = 1, 2, or 3), 
which are obtained by deep learning algorithms (i.e., error back 
propagation algorithm and random gradient descent optimization 
method). Each meta-atom in a metasurface functions as an optical 

Fig. 1. Schematic of directional D2NN with high-capacity information process-
ing functionalities. When the distance between two neighboring metasurfaces is 
d1, the decoded target information S, E, C, …/R, E, T, … in the forward/backward di-
rection for the same input ciphertexts 2, 7, 8, …. When the distance is switched into d2, 
the decoded target information sun, cloud, thunder …/half-moon, full-moon, stars, 
… in the forward/backward direction for the same input ciphertexts 2, 7, 8 ….
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neuron, which interacts with other neurons in preceding and subse-
quent layers based on diffraction. According to Rayleigh-Sommerfeld 
diffraction theory, the connection between the diffractive field E(rl) 
from the lth layer and E(rl+1) from the (l + 1)th layer can be ex-
pressed as

where φl
F
 is the spin-decoupled phase in the forward direction of 

the lth hidden layer. h
(

r l+1−r l
)

 is the impulse response that can be 
defined as

where λ is the working wavelength and R= 
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(
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of 
√

−1 . In addition, loss functions and a stochastic gradient de-
scent approach are used to construct the forward/backward prop-
agation models of D2NN. The details about the model training, 
derivation, and integration of D-D2NN are supplied in section S1. 
The potential methods for introducing nonlinear operation into 
D-D2NN are discussed in section S2.

To achieve the versatile functionalities in the opposite chan-
nels, we design spin-decoupled metasurfaces consisting of abun-
dant anisotropic meta-atoms with different lengths (l), widths (w), 
and in-plane orientations (θ), as shown in Fig. 2C. The height of 
rod (h1) and substrate (h2) of each meta-atom is fixed (i.e., 500 μm), 
while the period (p) of each unit cell is 110 μm. The transmis-
sion coefficients and phase shifts upon the x- and y-polarized THz 
waves (at 0.7 THz) are shown in Fig. 2C. For the spin-decoupled 
metasurfaces, each meta-atom is optimized and selected to meet 
the conditions: ∣Φx − Φy ∣ ≈ π and Tx ≈ Ty ≥ 70% , serving 
as a quasi-half-waveplate. The spin-decoupled phases with de-
tailed Pancharatnam-Berry (2θ) and propagation phases (φx and 
φy) for the hidden layers are shown in  Fig.  2D. The directional 
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Fig. 2. Mechanism, design, and experimental setup. (A) Schematics of the comparison between conventional D2NN and our proposed D-D2NN. (B) Operating principle 
of the D-D2NN in both forward and backward propagating directions. (C) Schematics of a meta-atom in a metasurface and the simulated phase shifts (Φx and Φy) and 
transmission coefficients (Tx and Ty) under the illumination of x- and y-polarized THz waves. (D) Calculated phases and fabricated samples of spin-decoupled metasurfaces 
for realizing the calculation-like processor. (E) Experimental setup for demonstrating D-D2NN with versatilely directional functions, including a quarter-wave plate (QWP).
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functionalities of our constructed D-D2NN are experimentally 
demonstrated by a near-field scanning THz microscopy, as shown 
in Fig. 2E. A femtosecond laser beam is divided into two parts, in 
which one part impinges onto a photoconductive antenna to gen-
erate THz radiation, while the other part is guided to a THz tip to 
detect field intensity distributions after the samples. Detailed in-
formation about the experimental setup is provided in Materials 
and Methods.

Image classifier in two channels
As a guided study, the D-D2NN with directional functionalities 
in two opposite channels are numerically simulated and experimen-
tally demonstrated in  Fig.  3. To realize the directional digit and 
fashion product classification, two classical datasets from Modi-
fied National Institute of Standards and Technology (MNIST) and 
Fashion-MNIST are used for machine learning. In the forward di-
rection, digits “6,” “7,” and “8” are selected to verify the digit recog-
nition, while the fashion product classification in the backward 
direction is certified by using the “sneaker,” “coat,” and “trouser,” re-
spectively. All-dielectric three-layered spin-decoupled metasurfaces 
are designed as the hidden layers to directionally recognize digits 
and fashion products. The working frequency of metasurfaces is 
0.7 THz, and each metasurface consists of 120 by 120 meta-atoms, 
i.e., 14,400 neurons for each hidden layer. The distances between the 
input plane, hidden layers, and output plane are d1 = d4 = 5 mm and 
d2 = d3 = 10 mm. After training the digits 6, 7, and 8 and extracting 
the network output phase profiles, the forward digit recognition can 
be achieved by encoding the trained phase profiles into the LCP, 
RCP, and LCP polarization channels of layers 1, 2, and 3. Mean-
while, the fashion product classification can be integrated in the 
backward direction (of the D-D2NN) by encoding the correspond-
ing phase profiles into RCP, LCP, and RCP polarization channels of 
layers 1, 2, and 3. To simultaneously distinguish and identify digits 
and fashion products, the physical plane of our designed network 
output contains six discrete detection regions. The top three discrete 
detection regions are designed for the recognition of digits, while 
the bottom three discrete detection regions are used for the identifi-
cation of fashion products. As shown in Fig. 3A for the incidence of 
LCP THz waves from the forward direction, the calculated electric 
field intensity distributions in the output plane are located at the top 
left corner for the input of handwritten digit 6. The calculated inten-
sity distribution map shown in Fig. 3A demonstrates that our de-
signed D2NN can rightly identify the handwritten digit 6. For the 
input of digits 7 and 8, the forward channel of our proposed D-
D2NN enables the function in focusing the incident LCP THz waves 
into the top middle and top right corners in the output plane. The 
calculated intensity distribution maps also matched with the corre-
sponding electric field intensity distributions in the output plane. In 
the experiment, for the input of fabricated samples with digits 6, 7, 
and 8, the measured electric field intensity distributions in the out-
put plane are located at top left, top middle, and top right corners, 
which demonstrate that the fabricated three-layered spin-decoupled 
metasurfaces can recognize handwritten digits in the forward chan-
nel. The measured intensity distribution maps in Fig. 3A are agreed 
with our predesigned results. In contrast, when an LCP THz beam 
propagates from the backward direction, another different function 
in recognizing fashion products is achieved, as shown in Fig. 3B. 
For the input of fashion products of sneaker, coat, and trouser, the 
calculated electric field intensity distributions are focused in the 

bottom left, bottom middle, and bottom right corners. The mea-
sured electric field intensity distributions shown in  Fig.  3B agree 
well with the simulated results, demonstrating the classification of 
fashion products in the backward direction. The calculated and 
measured intensity distribution maps in Fig. 3B are agreed with our 
predesigned results. In the digit and fashion product identification, 
each category (i.e., digits or fashion products) is iteratively trained 
for 100 periods, as shown in Fig. 3C. The training accuracy for digit/
fashion products has reached 96.2/98.5%. In addition, 2932 hand-
written digit (3000 fashion products) images are used as the test 
datasets, while 15 handwritten digit (15 fashion products) samples 
are fabricated as the experimental validation datasets. As shown 
in  Fig.  3D, the confusion matrices are constructed to illustrate 
the identified and misidentified instances in simulation and experi-
ment. The test accuracy in simulation is 96.2/98.5% in the forward/
backward direction, while it is 93.3/93.3% in experiment, as shown 
in Fig. 3D. The experiment results of output electric field intensity 
distribution for five different appearances per category as the input 
are presented in section  S3. To further demonstrate the designed 
D-D2NN enabling the function in recognizing digits (rather than 
fashion products) in the forward direction and in identifying fash-
ion products (instead of digits) in the backward direction, the simu-
lated electric field intensity distributions for the input of fashion 
products/digits in the forward/backward direction are given and 
discussed in section S4. This proposed approach can identify more 
numbers of digits and fashion products (i.e., 10 digits and 10 fash-
ion products) in the two opposite channels, which is numerically 
demonstrated in section S5. In addition to image classification in 
opposite directions, this proposed D-D2NN enables the hybrid 
functionalities in image classification and imaging in the forward 
and backward directions, respectively. The simulated results are 
provided in section S6.

Calculation-like processor in four channels
Such a D-D2NN approach cannot only has one specific function in 
each directional channel but also enables the capability of multiplex-
ing multiple functions in the forward and backward channels by 
altering the interlayer distances between the input plane, hidden 
layers, and output plane, as shown in Fig. 4. To realize such a D-
D2NN with multiple functions in each directional channel, the joint 
training that combine the different functions (i.e., each function is 
relative to the specific interlayer distances) together, is implemented 
to extract the network output phase profiles, and then, the D-D2NN 
with directional multifunctions are constructed. As a proof-of-
concept demonstration, a calculation-like processor with four dis-
tinct functions, i.e., addition-, subtraction-, multiplication-, and 
division-like functions, in four directional channels is achieved. As 
shown in Fig. 4A for the incidence of LCP THz waves from the for-
ward direction and the input of “62,” the simulated electric field in-
tensity distributions in the detection plane are presented as a digit 8 
for the interlayer distances of d11 = d14 = 5 mm and d12 = d13 = 10 mm, 
leading to an addition-like function in our designed D-D2NN. In 
contrast, when the LCP THz waves propagate from backward with 
input of 62, the subtraction-like function is numerically demon-
strated by a digit of “4” shown in the output plane. When the inter-
layer distances are altered to d11 = d14 = 10 mm and d12 = d13 = 5 mm, 
the simulated electric field intensity distributions in the detection 
planes are shown as digits of “12” and “3” for the forward and back-
ward incidence, demonstrating the multiplication- and division-like 
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Fig. 3. D-D2NN for directional digit and fashion product classifier at 0.7 THz. (A) Simulated and measured electric field intensity distributions and output energy 
distribution maps (bar graphs) of the D-D2NN under the illumination of THz waves from the forward direction for three handwritten inputs of 6, 7, and 8, respectively. 
(B) Simulated and measured electric field intensity distributions and output energy distribution maps (bar graphs) of the D-D2NN under the illumination of THz waves 
from the backward direction for three fashion product inputs of sneaker, coat, and trouser. (C) Training accuracy of the digits (blue curve) and fashion products (orange 
curve). (D) Calculated and measured confusion matrices for the directional digit and fashion product classification. The labels of ① to ⑥ correspond to 6, 7, 8, trouser, 
coat, and sneaker, respectively.
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functions, respectively. In experiment, the addition-, subtraction-, 
multiplication-, and division-like functions are also implemented 
with the measured digits of 8, 4, 12, and 3 in the detection planes, 
when the LCP THz waves incident from the four directional chan-
nels. The measured results agree well with the numerical simula-
tions, except for a slightly lower homogeneity in the measured digits 
which can be attributed to experimental errors. To demonstrate 
the versatile characteristic of our designed D-D2NN, the addition-, 
subtraction-, multiplication-, and division-like functions can be also 
verified by another input digit, as shown in Fig. 4B. For the inci-
dence of LCP THz waves from the forward/backward direction, the 

simulated and measured diffractive field in the detection planes are 
shown as a digit of 8 (addition)/6 (subtraction) for the input of “71” 
and interlayer distances of d11 = d14 = 5 mm and d12 = d13 = 10 mm. 
In addition, the digits of 7 (multiplication) and 7 (division) are nu-
merically and experimentally observed in the detection planes (for 
the forward and backward incidence with the input of 71), when 
the interlayer distances are changed into d11 = d14 = 10 mm and 
d12 = d13 = 5 mm. Detailed information for the four directional func-
tions with distinct input digits of 62 and 71 is given in section S7. 
Although our proposed calculation-like processor can mimic addition-, 
subtraction-, multiplication-, and division-like functions, it is not a 

Fig. 4. D-D2NN for a calculation-like processor with addition-, subtraction-, multiplication-, and division-like functions. (A) When the LCP THz waves incident from 
the forward/backward direction with the input digit of 62, the addition-/subtraction-like function is obtained with the interlayer distances of d11 = d14 = 5 mm and 
d12 = d13 = 10 mm, while the multiplication-/division-like function is achieved in the forward/backward channel when the interlayer distances are d21 = d24 = 10 mm and 
d22 = d23 = 5 mm. (B) Numerical and experimental demonstration of the calculation-like processor with addition-, subtraction-, multiplication-, and division-like functions 
with the input digit of 71.
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true calculator, because it can only handle the finite inputs (e.g., 
the 10 categories of digit groups to 40 other images in section S8) 
optimized by the neural network. The calculation-like processor 
demonstrated in this work shows that our proposed D-D2NN en-
ables different functionalities in the four direction- and distance-
dependent channels.

High-capacity information encryption processor
The D-D2NN with directional functionalities provide a multichan-
nel platform that can divide a secret/message into four channels, 
enabling applications in information encryption. For instance, a tar-
get message consisting of multiple digits and/or letters can be di-
vided into several parts, in which each part of the message is 
encoded in a directional channel. Therefore, the information inter-
ception from one channel or a part of channels (rather than the 
whole channels) cannot leak the true information, due to the 
security-sharing function of our designed D-D2NN. Therefore, 
four channels of security-sharing enable the capability in improv-
ing secrecy performance. Unlike the traditional metasurface-
based platform with specific illumination patterns (e.g., Gaussian 
beams and transverse electric/transverse magnetic mode beams) 

and limited information encryption function (40–42), the D-D2NN 
can process various inputs (i.e., the predefined ciphertexts with var-
ious categories and appearances) through deep learning, enabling 
the high-capacity functionality in information encryption. To de-
code the target message, four keys with different directions and 
interlayer distances are designed, as shown in Fig. 5B. For the pre-
defined ciphertexts and four keys, the D-D2NN shown in Fig. 5C 
can reconstruct the true message. For the input of digit 7 (Fig. 5A), 
the four keys can decode the information of “M,” “E,” “T,” “A” (Fig. 5D) 
with our designed D-D2NN. In addition, for the input of digit “2,” 
the decoded outputs of 4, “H”, 8, and “f ” are achieved by using the 
four keys. Last, the true messages are numerically and experimen-
tally reconstructed as “META” and “4H8f ” (Fig. 5E). Notably, one 
can only obtain a misleading message when the data in four chan-
nels are not leaked simultaneously. This processor can handle vari-
ous appearances of inputs of 7 and 2 that is supplied in section S9. 
To further verify the high-capacity characteristic in information 
encryption, calculations for more inputs of ciphertexts and recon-
structed messages/images are given in movie S1. The decline in the 
fidelity of outputs as the input ciphertexts continue to increase is 
discussed in section S10.

Fig. 5. D-D2NN for high-capacity information encryption. (A) Input of D-D2NN consisting of a plethora of predefined ciphertexts. (B) Keys for decoding the message in 
the four directional channels. (C) Schematic of D-D2NN. (D) Decoded information in the four directional channels. (E) Decoded plaintext messages.
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DISCUSSION
In summary, we propose a spin-decoupled metasurface approach to 
mimicking D2NNs that can simultaneously process multiple tasks in 
both forward and backward propagating directions. The direction-
dependent versatile functions of the classification of handwritten 
digits and fashion products in the opposite directions are experi-
mentally demonstrated because of the independent control of the 
spin-dependent phases in the forward and backward channels. 
Multiple functionalities are achieved for each directional channel 
through the joint training between direction and interlayer dis-
tances, leading to a calculation-like processor with finite addition-, 
subtraction-, multiplication-, and division-like functions in the four 
directional channels. By dividing the target message into the direc-
tional channels, the all-optical information encryption is demon-
strated in our proposed D-D2NN, as the leakage of information in a 
single channel does not disclose the true message. Compared to pre-
vious metasurface devices with limited input capacity for informa-
tion encryption, this D-D2NN can be trained to handle a variety of 
inputs (ciphertexts), enabling high-capacity information encryp-
tion. Although the proposed D-D2NN is based on linear optical 
transformations, it introduces propagation direction in the design 
(a degree of freedom), offering valuable insights into the current 
D2NN. We expect that its capabilities can be further enhanced 
through the integration of nonlinearity. Despite the uniqueness 
and potential applications of this technique, the current proof-of-
concept demonstration in the THz range is time consuming due to 
the fabrication of gold masks and the point-by-point scanning of the 
electric field intensity distributions using a THz tip. However, the 
proposed D-D2NN can be extended to both infrared and visible 
ranges. These challenges can be solved using commercial spatial 
light modulators to directly generate input images and charge-
coupled device cameras to record real-time electric field intensity 
distributions. Driven by system integration and intelligent D2NNs, 
there is an increasing interest in integrating multiple functions 
into a D2NN. Propagation direction is a fundamental property of 
EM waves, which provides a previously unknown avenue to multi-
plex D2NN with rich functions in the opposite channels. The ro-
bust approach for designing D-D2NN with distinct functions in 
two opposite directions will have promising applications includ-
ing parallel computing, information security, and high-capacity in-
formation processing.

MATERIALS AND METHODS
Training methods
The D-D2NN is implemented using PyTorch framework (v1.10.2) 
on Windows 11 operating system (Microsoft) with an Intel(R) 
Core(TM) i9-13900H central processing unit at 2.6 GHz, a 
GeForce RTX 4060 graphics processing unit (NVIDIA), and a 
16-GB random-access memory. To update the phase of each layer 
in the D-D2NN, we use the mean squared error loss function and 
the Adam optimizer, with a training batch size of 8 and a learning 
rate of 0.001. The D-D2NN for directional classification shown 
in Fig. 3 is trained for 100 epochs using the MNIST dataset for the 
forward channel and 100 epochs using the Fashion-MNIST dataset 
for the backward channel. For the D-D2NN as a calculation-like 
processor (or a high-capacity information encryption platform) 
shown in Fig. 4 (or Fig. 5), the MNIST dataset and the ground truth 
(i.e., target images) with the calculation results (or the encryption 

plaintexts) are applied for 300 training epochs on the forward and 
backward channels.

Sample fabrication
The 1000-μm-thick intrinsic silicon wafers (orient: <100>, 
R: >10,000  ohm·cm, polish: double-side polish) from HF-Kejing 
Company are prepared for the fabrication of metasurfaces. The first 
step is cleaning the silicon wafers in an ultrasonic bath and then 
spin-coated the AZP4620 photoresist layer (thickness: 7 to 8 μm) 
onto the wafers at 6000 rpm. The photoresist film is then baked on a 
hotplate at 100°C for about 1 min. The resist film is exposed using 
a mask aligner (SF-100, Intelligent Micro Patterning). After that, the 
resist film with micropillars is baked again at 100°C for 2 min and 
etched using the deep reactive ion etching (Bosch) process with SF6 
and C4F8 for about 95 min. Last, the meta-atoms of metasurfaces 
with distinct shapes are obtained after removing the photoresist us-
ing acetone. For the gold masks (i.e., the input of the D-D2NN), the 
photoresist is spin-coated onto one side of the silica film and then 
exposed. Last, the gold mask is formed after metal coating and ultra-
sonic stripping.

Experimental setup
A near-field scanning terahertz time domain spectrum microscopy 
system is constructed to scan the output electric field intensity dis-
tributions of our proposed D-D2NN, as shown in Fig. 2E. A femto-
second laser with a central wavelength of 780 nm is split into two 
paths. One path of laser beam is directly guided into a photocon-
ductive antenna emitter to generate THz waves that impinge onto 
the D-D2NN samples. The other path of laser beam is coupled into a 
single-mode fiber and then transmit to the THz probe (i.e., a THz 
tip) that is mounted on a 3D scanning stage. The samples are fixed 
on a holder with a series of slots. The THz probe scans after the 
samples to probe the electric field intensity distributions on the out-
put plane of the D-D2NN.
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