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Abstract  

All-optical diffractive neural networks (DNNs) have garnered notable attention 
in artificial intelligence because of their unprecedented ability to perform 
complex tasks at the speed of light. However, current DNNs designs mainly rely 
on non-tunable diffractive components with fixed functionality. Here, to 
introduce active diffraction units into DNNs at terahertz (THz) spectrum, we 
report a hybrid metasurface-based thermally controllable diffractive processor 
that mimics task-switchable DNNs using thermally reconfigurable meta-
neurons composed of vanadium dioxide (VO2) resonators and gold resonators. 
The optical response of the network layer of this processer can be dynamically 
switched based on ambient temperature to meet dynamic task requirements. 
We experimentally validate the efficacy of the processer through classification 
tasks involving single and double handwritten digits as well as fashion products. 
Moreover, we propose an information encryption framework that leverages 
ambient temperatures as decryption keys. This temperature-dependent all-
optical processor with multiplexing capability paves the way for the next-
generation high-speed optical computing, dynamic optical systems, and secure 
communications. 



Introduction 

In the rapidly evolving era of information, artificial intelligence (AI) is 
revolutionizing industries spanning from image recognition1-3 to human-like 
natural language processing4,5. The success of AI has pushed an 
unprecedented demand for the computing systems with high-speed and high-
parallelism with low power consumption6. However, traditional electronic neural 
networks are increasingly approaching their physical limit due to the constraint 
of Moore’s law and Dennard scaling7. Optical neural networks (ONNs), which 
process matrix operations through light propagation, have been extensively 
explored for decades to address these computational bottlenecks8. For 
instance, ONNs have been successfully applied in convolution neural 
network9,10, Mach-Zehnder interferometer networks11,12, spoof plasmonic 
neural network13, and fully forward mode learning14. 

With the progressive advancement in ONNs, all-optical diffractive neural 
networks (DNNs) that are constructed by cascaded diffractive surfaces to 
process the predesigned tasks (based on complex computing and inference) 
have emerged as a landmark paradigm in this filed15,16. This free-space all-
optical processing method exhibits notable advantages in parallel image 
processing and large-scale computing, including pattern recognition17-19, 
imaging20-22, information encryption23-25, and AI-generated26. However, current 
research on DNNs primarily focuses on fixed-functionality diffractive layers with 
passive diffractive units, which limit their adaptability to dynamic task 
requirements. While promising studies have reported programmable diffractive 
neural networks, these designs suffer from large volumes due to their operation 
in the microwave range27,28. Notably, miniaturization and integration are 
important design objectives in most DNN architectures29-31. Therefore, 
developing a compact and dynamic diffraction processing platform to overcome 
this dilemma represents a significant and pressing challenge.  

In this work, we introduce a thermally controllable diffractive processor 
(TDP) constructed with thermally reconfigurable meta-neurons, operating in the 
terahertz (THz) region. The proposed devices enable dynamic diffraction 
computing on a compact and efficient platform. Leveraging the unparalleled 
light-manipulation capability of metasurfaces32-38 we design the TDP using a 
hybrid metasurface, which integrates thermally reconfigurable gold-VO2 hybrid 
resonators with static gold resonators to form the meta-neurons. The unique 



architecture of the TDP allows its optical response and functionality to 
dynamically switch according to ambient temperature to perform diverse 
computational tasks. In experiment, we construct the TDP as a dynamic object 
classification processor, which can realize temperature-dependent 
classification task switching functionality. First, we demonstrate its capability to 
classify single objects, validating the efficacy of the TDP. At two pre-designed 
ambient temperatures, this processor can classify handwritten digits and 
fashion products, respectively. Then, a TDP capable of classifying double 
objects is fabricated and demonstrated, which can switch between classifying 
double handwritten digits and double fashion products at two different ambient 
temperatures. In addition, we propose a potential application of this processing 
platform in secure information transmission by using ambient temperature as 
decryption keys. The TDP offers a thermally controlled solution for THz-band 
DNNs, unlocking new possibilities for dynamic all-optical computing. 
 

Results 

TDP concept design 

 



Fig.1 Schematic of the TDP. At two distinct ambient temperatures, the TDP 
achieves functional switching between Neural network 1 and Neural network 2 
through insulator-metal transition. Under the illumination of x-polarized THz 
waves propagating along the z-axis, it classifies inputs from Fashion-MNIST 
and MNIST datasets, respectively, showcasing its temperature-dependent 
reconfigurable capability. 
 

Figure 1 shows the schematic of the TDP operating at two different ambient 
temperatures. The TDP is constructed by arrays of meta-neurons, including 
complementary ring structure of VO2 and gold resonator (C-structure), as well 
as gold-only resonator structures (G-structure) on a sapphire substrate. When 
operating at room temperature about 300 K (indicated by the blue thermometer 
on the left), the VO2 resonators within the meta-neurons exhibits its insulating 
state (represented by blue). Under the illumination of x-polarized THz waves 
propagating along the z-axis, the TDP functions as the first neural network 
(marked as Neural network 1). An input of a coat from the Fashion-MNIST 
dataset is generated by a gold mask (fabricated masks are shown in 
Supplementary Section 1) and then projected and processed by the TDP. 
Subsequently, the y-polarized THz waves that carry the recognition results of 
the coat are accurately diffracted to the upper left corner of the output plane, 
performing the classification task for Fashion-MNIST dataset. After heating to a 
temperature of 341 K, the TDP operates at an elevated temperature, and the 
VO2 resonators within the meta-neurons transform into its metallic state, 
generating a different optical response. Meanwhile, the TDP switches its 
characteristics to a second neural network (marked as Neural network 2) with 
distinct functionality under the illumination of x-polarized THz waves to perform 
another task. The output y-polarized THz waves, diffracted to the bottom right 
corner, represent the classification result of an input handwritten digit 7 from 
MNIST dataset, showcasing the temperature-dependent reconfigurable 
capability of the TDP. 
 

Principle and methodology 

To illustrate the operating modes of the designed meta-neurons within the TDP, 
the electric field distributions of the gold -VO2 hybrid resonators under 0.5 THz 
incidence at two distinct ambient temperatures are presented in Fig. 2a. Before  



 

Fig.2 Design principle and experimental setup. a Simulated electric field of 
the gold-VO2 hybrid resonators under 0.5 THz incidence before and after 
heating. b Schematic of a meta-neuron within the TDP, and the amplitude and 
phase delay of transmitted cross-polarization waves via 16 constructed meta-
neurons. c Model training method. d Fabricated sample. e Schematic of the 
experimental setup. 
heating (at room temperature, ~300 K), VO₂ remains in the insulating phase 
and is effectively electrically inactive. As a result, the incident THz waves are 
scarcely influenced by VO₂, and the electromagnetic response of the hybrid 
resonator is governed solely by the gold structure (i.e., the C-structure reduces 
to the corresponding G-structure). In contrast, after heating to 341 K, VO₂ 



undergoes an insulator-to-metal transition and becomes highly conductive. The 
gold and VO₂ components then jointly form an electrically continuous hybrid 
resonator, enabling a closed current loop. Consequently, closed-ring electric-
field profiles involving both gold and VO₂ are observed, while the localized field 
enhancement at the open ends of the gold structure is suppressed. Fig. 2b 

shows the structure of the meta-neuron, which has a period of p = 120 μm, 

resonator height of 
1h = 0.2 μm, substrate height of 

2h = 500 μm, inner diameter 

of 
1r  = 40 μm, and outer diameter of 

2r  = 55 μm. In our design, the gold 

resonators are oriented at an angle of  = 45° (or  = -45°) relative to the x-

axis to achieve orthogonal polarization conversion. At the room temperature, 
we construct 16 different meta-neurons with varying opening angle    and 

orientation angle   of the gold resonators, as depicted in Fig. 2b. Under 

heating conditions, the C-structure form a closed ring resonator, and result in 
consistent amplitude and phase delay. 

Figure 2c illustrates the transfer learning-based optimization method for 
realizing the temperature-dependent classification functionalities of the TDP. In 
our design, two types of the meta-neurons (i.e., C-structure and G-structure) 
within the metasurface are arranged in a checkerboard-like interlaced pattern. 
For clarity, four meta-neurons are marked within the black dashed boxes, and 
labeled A, B, C, and D, where A and D are C-structure, while B and C are G-
structure, as shown on the left side of Fig. 2c. The model training process can 
be divided into two steps (labeled as Training 1 and Training 2, respectively). 
First, we perform the Training 1 under heating conditions. The C-structure meta-
neurons form closed ring structure (e.g., meta-neurons A and D) and are 
assigned a fixed phase value of 0, and only the phase parameters of the G-

structure meta-neurons can be optimized (e.g., 
B and 

C of the meta-neurons 

B and C). The 5000 handwritten digits 3 and 5000 handwritten digits 7 from the 
MNIST training dataset are used as the neural network inputs. In 30 iterations, 
we minimize the mean squared error (MSE) loss between the neural network 
outputs and ground truths using the Adam stochastic gradient descent 
algorithm, details about the neural network training are supplied in 
Supplementary Section 2. After training, the optimized metasurface phase, 



where half of the phase values are 0, can be obtained, labeled as Phase 
distribution 1. Subsequently, we conduct the Training 2 at room temperature. 

The phase parameters of the C-structure meta-neurons (e.g., 
A and 

D of the 

meta-neurons A and D) are optimizable, whereas the G-structure meta-neurons 
are fixed with the phase values transferred from the Training 1. After 30 
iterations trained on 5000 coats and 5000 trousers from the Fashion-MNIST 
training dataset, we obtain the Phase distribution 2. 

For experimental validation, we fabricate the TDP with a 120 × 120 array 
of meta-neurons, as showcased in Fig. 2d. The schematic of the optical setup 
for experimental characterization of the TDP is illustrated in Fig. 2e. By directing 
a femtosecond laser beam onto a photoconductive antenna (THz source), THz 
radiation is generated. This radiation is modulated by a half-waveplate (HWP) 
and the samples, then diffracted onto a detection plane (black dashed box). At 
the detection plane, a THz probe collects the electric field distribution, which 
contains the output information of the TDP. More detailed information about the 
experimental method is provided in Methods. 
 

Experimental demonstration of the TDP for classification task switching. 
As a proof of concept, Fig.3 demonstrates the TDP for temperature-dependent 
classification task switching. The output plane features four discrete detection 
regions, with the top two for fashion products at room temperature and the 
bottom two for handwritten digits at elevated temperature. Before heating, the 
TDP works as a fashion product classifier, as shown in Fig. 3a. First, a coat is 
selected as the input of the TDP under the illumination of x-polarization waves 
at 0.5 THz. The TDP diffracts the y-polarization waves on to the output plane, 
and the simulation and experiment output results illustrate that the electric field 
intensity is mainly focused at the top left corner in the output plane. We calculate 
the normalized electric field energy distribution according to the electric field 
intensity distributed in the four regions for both simulation and experiment. The 
energy distribution histogram demonstrates the successfully classification of 
the input coat. A slight difference between the simulation and experiment in the 
energy distribution is observed due to the experiment/fabrication errors. Then, 
a trouser is recognized by the TDP with  



 

Fig.3 The TDP for thermally controllable classification task switching 
between fashion products and handwritten digits at 0.5 THz. a, b The TDP 
for the classification of coats and trousers from Fashion-MNIST testing dataset 
at room temperature, showing simulated and experimental electric field 
intensity distributions, energy distributions (a), and calculated confusion 
matrices (b). c, d After heating, the TDP classifies handwritten digits 3 and 7 
from MNIST testing dataset, with simulated and experimental electric field 
intensity distributions, energy distributions (c), and calculated confusion 
matrices (d). 
 

the electric field intensity is mainly focused on the top right corner in the output 
plane according to the simulation and experiment output. The calculated 
normalized energy distribution showcases the accurate classification of the 
input trouser. To further characterize the classification performance, we 
calculate the confusion matrix using a total of 2000 coats and trousers in 
simulation, as well as a total of 10 coats and trousers in experiment, which are 
from Fashion-MNIST testing dataset (excluded from the training dataset). The 
classification accuracies are calculated from the confusion matrices that 96.6% 



in simulation and 90.0% in experiment. Supplementary Section 3 provides the 
experimental results of output electric field intensity distributions for five 
different appearances per category used as the input.  

After heating, the TDP switches its functionality into a handwritten digit 
classifier, and enables the recognition of digits 3 and 7, as illustrated in Fig. 2c. 
Under the 0.5 THz x-polarization waves incidence, the inputs 3 and 7 are 
processed by the TDP, and then diffracted onto the output plane. The simulation 
and experiment output of inputs 3 and 7 present that the electric field intensity 
in the output plane is mainly distributed in the bottom left corner and right corner, 
respectively. The corresponding energy distributions of simulation and 
experiment demonstrate the classification capability of TDP for handwritten 
digits. Figure 2d showcases the calculated confusion matrix leveraging totally 
2000 handwritten 3 and 7 in simulation, as well as 10 handwritten 3 and 7 in 
experiment, which are from the Fashion-MNIST testing dataset excluded from 
its training dataset. The classification accuracy of 96.9% in simulation and 100% 
in experiment validate the thermally controllable processing performance of the 
TDP. Furthermore, we construct a TDP that performs 10-class classification per 
category (10 fashion products and 10 handwritten digits), which is numerically 
demonstrated in Supplementary Section 4. In addition, a TDP enables more 
diverse function switching (e.g., recognition and imaging) is discussed in 
Supplementary Section 5. 
 

TDP-based double objects classifier. 
To further demonstrate the classification performance of the TDP framework, 
we train and fabricate another TDP to achieve a more complicated task—i.e., 
the simultaneous classification of double objects. As shown in Fig. 4a, c, four 
images consisting of trouser/sneaker-trouser/sneaker pairs are selected as 
neural network inputs at room temperature, and four images of 3/7-3/7 pairs 
are used as the input at elevated temperature. These images are created by 
combining two images from Fashion-MNIST and MNIST testing dataset 
(excluded from their training dataset). In the output plane, eight discrete regions 
are divided for electric field detection and classification. Regions 1 to 4 are 
designed for room temperature tasks (region 1: left 3, region 2: right 3, region 
3: left 7, region 4: right 7), while regions 5 to 8 are for elevated temperature 
tasks (region 5: left trouser, region 6: right trouser, region 7: left 



 

Fig.4 The TDP for recognizing double objects at 0.5 THz incidence. a, b 
For the classification of double fashion products at room temperature, the 
simulated and experimental electric field intensity distributions, energy 
distributions (a), and calculated confusion matrices (b). c, d After heating, the 
classification of double handwritten digits, with simulated and experimental 
electric field intensity distributions, energy distributions (c), and calculated 
confusion matrices (d). 
 

sneaker, region 8: right sneaker). At room temperature (Fig. 4a), with the input 
of four images under the illumination of x-polarization waves at 0.5 THz, the 
simulation and experiment outputs indicate that electric field intensities are 
mainly distributed in two regions, and the normalized energy distributions 
demonstrate the successful classification of double fashion products. The 
calculated confusion matrices present a simulation accuracy of 99.5% and 
experiment accuracy of 100%, as showcased in Fig. 4b. After heating (Fig. 4c), 



four handwritten digit pairs are selected as inputs under the 0.5 THz x-
polarization waves incidence. In simulation and experiment, the electric field 
intensity distributions and corresponding energy distributions demonstrate the 
accurate recognition of double handwritten digits, and the calculated confusion 
matrices reveal the accuracy of 89.8% and 100%, respectively. The output 
experimental results for five appearance inputs per category (i.e., 20 different 
double fashion products and 20 different double handwritten digits) at two 
distinct temperatures are provided in Supplementary Section 6. 
 

The TDP enable secure information transmission. 

 

Fig.5 The two-layer TDP for secure information transmission. a 
Transmitted ciphertext. b Three authorized parties hold three distinct decryption 
keys. c-e Decrypted plaintexts obtained using decryption keys (three different 
temperature conditions) and TDP-based decoder. 
 

One way to protect information is through encryption technology, which 
converts plaintext into ciphertext for transmission, ensuring that only authorized 
parties with the correct decryption key can decode the true information. By 
using ambient temperature as decryption key, the TDP with the capability of 
intelligent information processing offers a unique method of all-optical 
encryption to achieve secure information transmission. Figure 5 illustrates the 
decryption process where the same ciphertext is sent to three different 
authorized parties, resulting in three distinct decrypted messages by using 



three temperature-dependent decryption keys and a two-layer TDP-based 
decoder. Specifically, as shown in Fig. 5a, a sender transmits ciphertext “678” 
to authorized parties Bob, Alice, and Carol, respectively. During the 
transmission, an eavesdropper can only intercept the encrypted message “678”, 
which are invalid and do not reveal the actual information. Subsequently, Bob, 
Alice, and Carol use their respective keys (Key1: both layers of the TDP at room 
temperature, Key2: the first layer of the TDP heated to a specific temperature, 
Key3: both layers of the TDP heated to a specific temperature) to decode the 
ciphertext through the TDP-based decoder, as shown in Fig. 5b. This process 
involves inputting handwritten digits 6, 7, and 8 from MNIST testing dataset into 
the pre-trained TDP. The training of this TDP is achieved by jointly optimizing 
networks under different temperature conditions, while using 6, 7, and 8 from 
MNIST training dataset as inputs and specific plaintext images as ground truths, 
enabling it to learn the image-to-image mapping. Fig. 5c showcases the output 
electric field intensity distributions, revealing the plaintext information “THZ” 
which Bob decrypted using Key 1. Similarly, Alice and Carol decrypt the 
plaintext information “026” and “VO2” using Key 2 and Key 3, respectively, as 
presented in Fig 5d, e. To demonstrate robustness, Supplementary Section 7 
discusses the output results for the inputs with different appearances.  

 

Conclusion 

In summary, by integrating thermally reconfigurable VO2 resonators with gold 
resonators, we propose the TDP operating in the THz band that enables 
temperature-dependent classification function switching. Under two different 
ambient temperatures, the TDP can switch the function between classifying 
fashion products and handwritten digits. Furthermore, to verify the parallel 
processing capability of the TDP, we design and construct another TDP to 
handle more complex tasks, such as the simultaneous classification of double 
objects of fashion products and handwritten digits. Finally, we demonstrate that 
the TDP framework can be extended to achieve data encryption for secure 
information transmission, where only authorized parties equipped with the 
temperature-dependent keys can decrypt the transmitted ciphertext. This active 
all-optical neural network can process distinct tasks under different ambient 
temperatures, offering a unique method to design intelligent optical systems, 
and opens new avenues for large scale parallel computing, real-time data 



analysis, and optical encryption. 
 

Methods 

Training methods 

The TDP is trained using the PyTorch framework (version 1.10.2) on a Windows 
11 operating system (Microsoft). The hardware includes an Intel(R) Core(TM) 
i9-13900H central processing unit running at 2.6 GHz, an NVIDIA GeForce RTX 
4060 graphics processing unit, and a 16 GB of random-access memory. For 
optimization of the phase parameters in each layer of the TDP, the mean 
squared error loss function and the Adam optimizer are employed, with a 
training batch size of 8 and a learning rate of 0.001.  

 

Experimental setup 

We develop a near-field THz time-domain spectroscopy microscopy system to 
scan the output electric field distribution of the TDP. The system uses a 
femtosecond laser with a central wavelength of 780 nm, which is split into two 
paths: one directly drives a photoconductive antenna emitter (THz source) to 
generate THz waves illuminating the samples, while the other is coupled into a 
single-mode fiber and delivered to a THz probe tip mounted on a three-axis 
scanning stage. The samples are fixed on a holder with heating capability, and 
the THz probe scans behind samples to detect the electric field distribution at 
the output plane of the TDP. 
 

Device fabrication 

A 200-nm-thick VO₂ film was grown on a 500-µm-thick (0001)-oriented sapphire 
substrate by pulse laser deposition. Before patterning, the sample was cleaned 
in acetone, ethanol, and deionized water and dried with nitrogen. Then, a 
photoresist layer (AZ1500) was spin-coated on the sample, and the arc pattern 
was formed by ultraviolet photolithography. The pattern was transferred into the 
VO₂ film via reactive ion etching using SF₆, thereby defining the VO₂ structures. 
Next, the C-shaped ring pattern was defined in a bilayer resist 
(LOR10B/AZ1500) after the second ultraviolet photolithography. The 10-nm-
thick titanium and 200-nm-thick gold films were sputtered by magnetron 
sputtering, and the metallic structures were formed after the lift-off process in 
an NMP-based remover. Finally, the sample was rinsed with acetone, ethanol, 



and deionized water, followed by nitrogen drying. 
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