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Abstract 

Optical neural networks (ONNs) offer a route to low-latency, energy-efficient AI, but scaling them to modern 
model sizes is constrained by two practical bottlenecks: training large ONNs is computationally prohibitive, 
and implementing or tuning millions of optical components is highly sensitive to fabrication imperfections 
and alignment errors. Here we report a metasurface-based optical learning machine that bypasses these barriers 
by operating in an ultra-wide regime. We use an optical metasurface with 41 million optical parameters to form 
an ultra-wide NN, and show that, at this scale, a fixed, untrained metasurface can closely approximate a fully trained 
one. Residual mismatch is compensated by a compact digital backend with only 102–104 trainable parameters, 
enabling task adaptation without retraining or re-fabricating the metasurface. Experimentally, the resulting hybrid 
system delivers scalable machine vision across six tasks, achieving accuracy competitive with state-of-the-art models 
including ResNet and Vision Transformer, while remaining tolerant to fabrication imperfections and misalignment. 
Our approach is highly scalable, tolerant to fabrication errors, and operates under both coherent and incoherent 
illumination, thus providing a practical pathway to large-scale, high-performance optical AI computing.
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1  Introduction
Neural networks (NNs) have become a powerful tool 
across various scientific and technological domains, trig-
gering transformative shifts in fields such as drug dis-
covery, image processing, autonomous vehicles, and 
medical diagnostics  [1]. However, the growing complexity 

of problems is causing the cost of training and inferring 
NN models to double every 2  months   [2], significantly 
outpacing the advancements in complementary metal-
oxide-semiconductor (CMOS) circuits. Optical neural 
networks (ONNs) are highly promising for addressing 
the above challenges due to the high degree of parallelism 
inherent in light waves  [3–46]. By harnessing this paral-
lelism, ONNs can offer significant energy efficiency and 
speed advantages.

Despite the theoretical potential of ONNs, current 
implementations face challenges in scaling up parameter 
numbers. Two-dimensional (2D) integrated ONNs can 
achieve high computing speed but have a limited number 
of components, due to the large footprint of optical com-
ponents, the insertion loss, and the complexities involved 
in controlling these components. By transitioning to 3D 
free-space optics, spatial parallelism in optics allows for 
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a significant increase in the number of parameters  [5]. 
Experimental demonstrations have successfully realized 
approximately 100,000 scalar multiplications   [39–46]. 
However, the parameter count is still significantly smaller 
than current AI models, which may have millions to bil-
lions of parameters [47, 48].

An appealing solution to further scale up ONNs is 
utilizing optical metasurfaces, which consist of high-
density meta-atoms arranged in a two-dimensionally 
periodic structure  [49–55]. Each meta-atom can be 
precisely tailored to modulate the transmission property 
of incident light at the sub-wavelength scale. With a 
density of more than 4 million meta-atoms per mm2 , 
optical metasurfaces have the potential to enable a large-
scale ONN with the parameter number close to that in 
large-scale AI models. However, current metasurface-
based ONN demonstrations still have very limited 
parameter numbers, fewer than 1 million [37, 38, 42, 43, 
56]. Training large-scale ONNs via gradient descent is 
computationally prohibitive because accurate gradient 
computation requires complex physics-based models, 
leading to long training times, high memory costs, and 
large optimization spaces. Even when such training is 
achieved, slight misalignments at sub-wavelength scales 
can result in significant reductions in accuracy  [57, 
58]. Moreover, because metasurfaces are typically not 
programmable, every new task requires re-training and 
fabricating a new metasurface chip, which limits their 
deployment in practical applications.

Alternative computing paradigms can eliminate the 
need for large-scale training. Examples include reservoir 
computing  [59–75], extreme learning machines  [76–80], 
and random projections  [68, 81–83]. These computing 
systems combine a fixed optical system as the optical fron-
tend, together with a trainable digital layer as the backend. 
By only training the digital layer, the overall computing 
system is adaptable to various downstream tasks. How-
ever, current demonstrations mostly rely on the intrinsic 
physics of optical systems. The performance of the opti-
cal frontend cannot be guaranteed. As a result, the overall 
performance often falls short of fully trained neural net-
works. To compensate for the non-optimal performance of 
the optical frontend, an excessively large digital neural net-
work is required, undermining the energy efficiency and 
speed advantages that optics aim to provide.

To address these limitations, this work employs a 
large-scale optical metasurface composed of 41 million 
meta-atoms to implement an optical frontend, inspired 
by the extreme learning machine (ELM)   [84–86]. In 
a classic ELM, the network consists of a single hidden 
layer whose parameters are randomly initialized and 
kept fixed, while only the output layer is trained. Sub-
sequent variants extend this framework by modifying 

the network depth and architectural structure. The 
performance of an ELM depends on the width of the 
hidden layer: increasing the number of hidden neurons 
enhances the representation capacity and improves 
accuracy  [35, 87–90]. Therefore, we exploit an opti-
cal metasurface with 41 million meta-atoms to real-
ize an ultra-wide hidden layer, which is then followed 
by an ultra-compact digital NN serving as the output 
layer. Together, these components form a hybrid ELM 
architecture that leverages massive optical parallel-
ism in metasurface for high-capacity feature extrac-
tion while retaining digital flexibility for task-specific 
learning. Further, guided by the Neural Tangent Ker-
nel (NTK) framework [91], which provides a theory of 
dynamics in wide NN, we initialize the weights using 
a Gaussian distribution with an appropriately chosen 
variance (the variance selection is discussed in Sup-
plementary Note 2). In this regime, NTK theory pre-
dicts that training induces only minimal changes to 
the hidden-layer parameters; consequently, fixing the 
optical frontend and training only a compact digital 
NN can enable close to optimal task-specific learning 
compared to a fully trained system. Consistent with this 
prediction, our hybrid system, which uses a digital NN 
with only 102 to 104 trainable parameters, successfully 
addresses six diverse tasks and achieves accuracy that 
surpasses prior ONNs and is competitive with leading 
vision models such as ResNet and Vision Transformer. 
This includes real-world applications such as large-
scale breast cancer diagnosis and lesion localization. 
A detailed comparison of our system with other prior 
ONNs is provided in Table  S9 in Supplementary Note 
27.

From a practical implementation perspective, our 
metasurface-based hybrid system eliminates the need 
for precise training individual meta-atoms. Moreover, 
the system is highly tolerant to fabrication imperfections 
and alignment errors, as their effects can be readily 
compensated by retraining the compact digital NN. 
These features confer distinct scalability advantages: (1) 
the system scales naturally to high-resolution inputs, 
as demonstrated by end-to-end processing of medical 
images with more than 106 pixels; (2) it readily extends 
to more complex NN architectures: for example, we 
implement a recurrent NN (RNN) that uses the hybrid 
system as its internal state, achieving 99.1% accuracy 
on an action recognition task. Furthermore, our system 
can operate under both coherent and incoherent 
illumination, broadening the application scope beyond 
conventional ONNs that rely on coherent light.With 
over 99.99% of the computation performed passively by 
the optical metasurface (see Supplementary Note 4 for 
the derivation), the system achieves exceptional energy 
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efficiency and low latency. Overall, our system offers 
a highly practical pathway toward high-performance 
optical AI computing.

2 � Results
2.1 � Working principle and device design
The implementation of the proposed metasurface-
based optical learning machine (MOLM) is illustrated 
in Fig.  1a. The MOLM consists of a metasurface-based 
optical frontend, followed by a compact digital NN that 
can be trained to generate prediction results for various 
tasks. The optical frontend is an optical metasurface 
created by 6,400 × 6,400 = 41 million silicon cylindrical 
meta-atoms. Their diameters range from 100 to 400 
nm, with a unit cell period of 500 nm. The diameter 
of each meta-atom is determined in two steps. First, 
we generate a 6, 400× 6, 400 matrix of optical phase 
modulation coefficients, randomly sampled from a 
Gaussian distribution with zero mean and a standard 
deviation (SD) of 0.4π . The diameter of each meta-
atom is then obtained from the mapping between 
the optical phase modulation coefficient and meta-
atom diameter, as detailed in Supplementary Note 1. 
The details of metasurface design and fabrication are 
provided in Methods and Supplementary Notes 1 and 
3. An optical lens is placed between the metasurface 
and a CMOS sensor to perform a Fourier transform, 
which further enhances the network’s ability to extract 
high-frequency features. The CMOS sensor, with a 
resolution of 600 × 800, is placed at the focal plane of 
the optical lens to bridge the optical frontend and the 
digital backend through photodetection while providing 
square nonlinearity. A 532-nm laser diode is used as the 
light source for the following experiments. As shown 
in the Discussion, our system can also operate under 
incoherent LED illumination. The sensor output is 
downsampled before being fed into the digital NN to 
ensure compactness, and the network is trained on these 
downsampled outputs to generate final predictions.

Before photodetection, the input optical image U0 
undergoes a linear transformation given by 
F(HdU0 ⊗W ) , where W  is the complex-valued 
transmission matrix of the metasurface, Hd is the 
diffraction matrix, F(·) denotes the Fourier transform 
implemented by the optical lens, and ⊗ represents the 
Hadamard product. Diffraction induces an effective 
N × N  fully connected network, where N is the number of 
meta-atoms. After photodetection, the output of the k-th 
sensor pixel is given by 
Ũk =

[

∑k·R
i=k·(R−1)F(HdU0 ⊗W )[i, :]

]2
, where R is the 

ratio of the number of meta-atoms to sensor pixels 
( R = N/M ). The photodetector implements a square-law 

operation, which serves as the nonlinear activation 
(neuron) in the hidden layer of an ELM. The followed 
digital NN serves as the output layer of the ELM. 
Therefore, our system is equivalent to an ELM in 
architecture. See the deviation details of the system model 
in Supplementary Note 5.

To illustrate the importance of the parameter N, we 
visualize the transformed images as N varies, as shown 
in Fig. 1c. Information entropy has been used to evaluate 
the performance of NNs, including ELMs  [35, 92, 93]. 
Increasing N significantly enhances the information 
entropy, from 8.4 bits without the metasurface to 
13 bits with 41 million meta-atoms, quantified as 
−
∑M

k=0Uk log2(Uk), where Uk = Ũk/
∑M

k=0 Ũk  [94], 
as shown in Fig.  1d. In addition, Fig.  1e shows that the 
transformed images exhibit increasingly rich high-
frequency components, which, according to machine 
learning theory  [95], enable networks to learn high-
frequency functions in low-dimensional domains. 
A detailed explanation of the enhancement of high-
frequency components and information entropy is 
provided in Supplementary Note 26. This enhanced 
ability to capture high-frequency features improves 
MNIST classification accuracy from 87.3% without the 
metasurface to 94.7% with 41 million meta-atoms, even 
in the absence of an optical lens, as shown in Fig.  1g. 
When an optical lens is introduced to perform a Fourier 
transform, these high-frequency features are further 
amplified, leading to an accuracy improvement from 94.7 
to 99.2%. These results are obtained by downsampling the 
output of a 600× 800 sensor array to 15× 20 , enabling a 
compact digital NN with only 300× 10 weights. We also 
validate our approach on the more complex CIFAR-10 
dataset, observing a similar trend: accuracy increases as 
the number of optical parameters grows to 107 . The final 
experimental accuracy reaches 91.6% with only 7,440 
trainable digital parameters, as shown in Fig.  1h, which 
is comparable to that of ResNet-50. The experimental 
details about MNSIT and CIFAR-10 benchmarking can 
be found in Methods and Supplementary Note 16.

We further show that when the metasurface contains 
tens of millions of parameters in the hidden layer, a fixed, 
untrained metasurface approaches the performance of 
a fully trained one. This is validated by comparing the 
root mean square error (RMSE) between the parameters 
in untrained and trained networks with the same model 
architecture. Fig.  1f shows that the RMSE between the 
untrained and trained optical parameters decreases as 
the number of optical parameters N increases. When N 
is 41 million, the RMSE reduces from 1.02 to 0.018. This 
scaling behavior is consistent with predictions from NTK 
theory. The residual difference between the untrained 
and trained optical front-ends can be effectively 
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compensated by a small digital NN. As a result, the 
overall MNIST classification accuracy achieved by the 
untrained network reaches 99.2%, which is very close 
to the fully trained accuracy of 99.6%, as shown in 

Fig.  1g. Such scaling behavior is also influenced by the 
initialization statistics. When the optical parameters 
are drawn from a narrower Gaussian distribution (SD 
= 0.2π ) or from a non-Gaussian distribution extracted 
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Fig. 1  The metasurface-based optical learning machine (MOLM). a Schematic of the MOLM. The optical image generated by the SLM is projected 
onto a single-layer metasurface consisting of massive cylindrical silicon meta-atoms. An optical lens then collects the reflected optical image 
by the metasurface. Following that, the optical field at the focusing plane is captured by an image sensor array. Lastly, the captured image is fed 
into a digital neural network to produce the prediction result. b The illustration of the metasurface-based ultra-wide neural network. c The 
transformed images by the metasurface-based optical frontend versus the number of meta-atoms N. d The value’s distribution and information 
entropy of transformed images versus the number of meta-atoms N. e The normalized power density of the transformed image versus the spatial 
frequency for different numbers of meta-atoms N. f The parameter difference (RMSE) before and after training versus the number of optical 
parameters N. g The MNIST accuracies of the metasurface-based optical frontend with different configurations. h The experimental CIFAR-10 
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from the mode coupling of multimode fibers  [76], the 
RMSE between untrained and trained optical parameters 
still decreases with increasing parameter count, but at a 
slower rate. This suggests that the initialization statistics 
are tunable hyperparameters to optimize, but they are 
typically empirical and depend on the specific system 
and task. The choice of SD = 0.4π in our design is further 
justified in the Supplementary Note 2.

2.2 � Experimental demonstration of high performance, 
versatility, and practicability

We begin by conducting machine vision tasks to 
demonstrate the high performance, versatility, and 
high scalability of our system. For benchmarking, we 
compared the performance of our MOLM with three 
large-scale deep learning models: ResNet-50   [96], 
a classical 50-layered CNN with approximately 
23.5 million parameters; the Segment Anything 
model (SAM)  [97], a cutting-edge large promotable 
segmentation model with 93.7 million parameters; and 
Vision Transformer (ViT)  [47], a transformer encoder 
model for image classification with more than 85.8 
million parameters (Supplementary Note 18). Figure  2a 
shows the schematic of the experimental setup for 
benchmarking characterization (see details in Methods 
and Supplementary Note 4). For each task, the input 
images are generated using an SLM. These images are 
processed by the metasurface and then collected by an 
optical lens before being detected by a CMOS digital 
camera. The detected digital image is downsampled, with 
the downsampling ratios being task-dependent. The same 
metasurface chip is used for all the tasks. Only the digital 
neural network at the backend is trained for different 
applications.

The tasks are chosen not only to demonstrate our 
system’s ability to adapt to diverse applications using a 
fixed, untrained metasurface, but also to highlight its 
practical advantages in implementation. Specifically, 
we showcase its capabilities in: (1) processing with 

an ultra-compact digital neural network (COVID-19 
Radiography), (2) handling high-resolution images 
in a single shot (Thoracic Disease Detection), and (3) 
performing multitask classification and detection by 
redesigning only a small digital NN.

2.2.1 � Image classification with ultra‑compact digital NN
COVID-19 Radiography: We first demonstrate the appli-
cation of our MOLM on the COVID-19 Radiography 
dataset  [98], as shown in Fig.  2e, highlighting its ability 
to achieve high-performance image classification using 
a highly compact digital neural network. This dataset 
includes over 20,000 chest X-ray (CXR) images covering 
normal and COVID-19 positive cases, each with 299 × 
299 pixels. The optical images with 299 × 299 pixels are 
generated by the SLM, processed by the MOLM, and 
subsequently detected. The detected image is dramati-
cally downsampled to only 12 × 16 pixels, followed by a 
highly compact regression network with only 192 weights 
at the digital backend to produce the binary classification 
results for normal and COVID-19 cases. The accuracy, 
precision, sensitivity, and specificity obtained from the 
classification results are 98.0%, 96.8%, 99.2%, and 96.9% 
using only 192 digitally trained weights, respectively. The 
experimentally obtained accuracy of MOLM up to 98.0%, 
outperforms previously demonstrated simulation and 
experimental ONNs  [76, 99], as shown in Fig.  2g. This 
accuracy is competitive against ResNet-50 (97.0%) and 
SAM (97.2%) and slightly lower than ViT (99.0%). Nev-
ertheless, our MOLM can compress the digital model by 
a factor of 4.9 × 105 compared to ResNet-50 and 1.8 × 106 
compared to ViT, signifying a remarkable reduction of 
computing time by 1.2 × 105 times at the training stage 
and energy consumption by 1,900 times at the inference 
stage.

The computing time includes the time required for 
SLM response, the free-space propagation of the light, 
camera response, and executing a digital computer, 

Fig. 2  Experimental results of the MOLM for three benchmark tasks. a Schematic of the experimental setup of the MOLM for the benchmark 
tasks. b Image of the metasurface chip compared with a Hong Kong dollar coin. c Optical microscope image of the fabricated metasurface chip 
with a compact area of 3.2 × 3.2 mm2 (left graph) and the scanning electron microscope (SEM) image of a zoom-in metasurface region containing 
25 × 25 meta-atoms (right graph). d The measurement result of quantitative phase imaging (QPI) of a zoom-in region of the metasurface chip. 
The details about the QPI measurement are provided in Supplementary Note 7. In the color wheel, the color represents the phase modulation 
coefficient, and the brightness represents the amplitude modulation coefficient. e, h, and k Illustration of the dataset images of the COVID-19 
Radiography (e), the NIH ChestX-ray8 (h), and RSNA Intracranial Hemorrhage Detection tasks (k). f The accuracy versus optical neuron number 
of the MOLM for the COVID-19 Radiography. The dashed line represents the accuracy of SAM as a comparison. The inset graphs with colorful 
scatters represent the results of the t-SNE analysis. i The confusion matrix of the prediction result of the NIH ChestX-ray8. (l) Bleeding regions 
inside the brain predicted by the MOLM (bottom graph) and digital ResNet-50 (upper graph). g, j, and m Comparison of accuracy and electronic 
parameters of the MOLM with other optical approaches [76, 99] and digital models for the COVID-19 Radiography (g), the NIH ChestX-ray8 (j), 
and RSNA Intracranial Hemorrhage Detection tasks (m)

(See figure on next page.)
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respectively. The energy consumption includes the 
energy consumed by the laser source, SLM, camera, and 
digital computer, respectively. More details about the 
time and energy consumption benchmarks can be found 
in Supplementary Notes 23 and 24.

Our investigation further shows that the substantial 
number of optical parameters unique to the metasurface 
device is the key factor contributing to the high accuracy. 
The accuracy increases from 83.0% to 98.0% as the 
number of optical parameters increases from 4.2 million 
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to 41 million, as shown in Fig.  2f (see details about 
experiments in Supplementary Note 9). To gain deeper 
insights into the data, we employ t-distributed stochastic 
neighbor embedding (t-SNE)  [100] to visualize the data 
after being processed by the MOLM, where the original 
images are transformed into a lower-dimensional space 
by the metasurface. As shown in the inset graphs of 
Fig. 2f, the separation between different classes becomes 
highly distinct as the number of optical parameters 
increases substantially to 41 million.

Encouraged by the performance we have achieved, we 
delve into more challenging applications that have never 
been demonstrated by ONNs. These tasks showcase our 
MOLM’s ability to process high-resolution images and 
tackle more challenging medical diagnostic tasks.

2.2.2 � Capability for end‑to‑end processing of high‑resolution 
images

Thoracic diseases detection: This task aims to demonstrate 
our system’s ability to perform end-to-end processing 
of high-resolution images with over one million pixels. 
The NIH ChestX-Ray8 dataset  [101] comprises high-
resolution (1,024 × 1,024 pixels) front-view X-ray images 
covering eight different thoracic diseases as shown in 
Fig. 2h. We demonstrate that these commonly occurring 
thoracic diseases can be detected by our MOLM with an 
average accuracy of 85.4% as shown in Fig. 2i, followed by 
minimal digital processing using 9,600 digitally trained 
weights. The achieved accuracy is comparable to results 
from ViT (85.8% accuracy) employing 85.8 million 
digitally trained weights. Additionally, this task highlights 
our MOLM’s ability to process high-resolution images 
without any pre-processing, utilizing a pixel resolution of 
1,024 × 1,024, the highest demonstrated in ONNs to date, 
to our best knowledge.

2.2.3 � Multi‑task ability for classification and detection
Intracranial Hemorrhage Detection: Intracranial 
hemorrhage (ICH) is a critical medical condition that 
requires rapid and intensive treatment to prevent 
further damage and to improve patient outcomes  [102]. 
However, the timely detection of ICHs is often delayed 
due to a lack of prompt access to radiologists who read 
the scans. Here, we leverage our MOLM to expedite 
ICH detection in CT images, as shown in Fig.  2k. Our 
experiments solve two tasks. In the first task, we detect 
the existence of hemorrhages in CT images, achieving 
an accuracy of 98.8%, a precision of 98.5%, a sensitivity 
of 99.2%, and a specificity of 98.3%. In the second task, 
we identify the bleeding point location with the MOLM. 
We first downsample the optical images after MOLM to 
15 × 20 pixels. These downsampled images serve as the 
input to a 6-layered fully connected neural network at the 

digital backend. The output is a vector with 4 elements, 
each element representing the horizontal and vertical 
position coordinates, the width, and the height of a 
rectangular box. The box indicates the bleeding region 
in the CT images, as shown in Fig. 2l. Intersection over 
Union (IoU) is obtained from the predicted box and the 
true box to evaluate the performance of locating the 
bleeding region. Here, IoU is the ratio of the overlapped 
area over the united area of the two boxes. Our MOLM 
achieves an IoU of 0.61 for 3 different bleeding positions, 
meaning that the predicted bounding box indicating 
the bleeding location is well aligned with the ground 
truth box. In comparison, the average IoU obtained by 
ResNet-50 is 0.64.

An important discovery implied by the results of our 
MOLM across diverse vision tasks is its capacity of using 
only a single-layer metasurface combining a small-scale 
digital NN to compete against cutting-edge NN models 
with tens of millions of parameters. We experimentally 
validate in different tasks that our superior performance 
is credited to the massive parameters uniquely offered 
by the metasurface, as demonstrated in Fig.  2g, j, and 
m. While a small-scale NN is still necessary at the 
digital backend, its size can be highly compressed to up 
to a factor of 105 . Furthermore, it is worth noting that 
the remaining small NN at the backend can be readily 
implemented in analog devices, enabling the realization 
of an all-analog system.

2.3 � Scalable to complex NN models for high‑accuracy 
video sequence processing

Leveraging the computing framework of infinitely 
NNs built with random parameters, we can confidently 
increase the depth of the optical NN without concerns 
about physical errors accumulating layer by layer. This 
allows our system to tackle more complicated AI tasks. 
Here we construct a recurrent neural network (RNN) 
using our MOLM and apply it in video processing. 
Serving as a hidden layer, the MOLM is recurrently 
connected to form an RNN [40, 103]. This metasurface-
based RNN (meta-RNN) takes a sequence of image 
frames from a video as input, as shown in Fig. 3a. Each 
frame is processed by the meta-RNN, with the output 
being downsampled and read out from the camera. 
Subsequently, this output is combined with the hidden 
state from previous frames to derive the hidden state of 
the current frame. Finally, the output is connected to a 
logistic regression-based classifier. The meta-RNN is 
employed for human action recognition tasks on the 
KTH dataset [104], which comprises six types of human 
actions across four different scenarios.

The evaluation of the performance of the model involves 
two types of action classification. One type identifies 
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actions jointly determined by sequences of frames, defined 
as action accuracy. The action is determined from the 
percentage of votes for all actions in each testing video 
sequence. The action with the maximum votes is the pre-
dicted action in a video sequence. The other type identi-
fies the action indicated by each individual frame, defined 
as frame accuracy. With 9,180 trained weights, our meta-
RNN obtains the frame accuracy of 97.5% and action accu-
racy of 99.1%, as shown in Fig. 3b and c, respectively. The 
training time to realize such a high accuracy is only 4.01 s 
using NVIDIA RTX 3090. The obtained accuracy exceeds 
those from digital NNs using long-short term memory 
(action accuracy of 90.7%) and the state-of-the-art ONNs 
(action accuracy of 96.3%). Additionally, unlike other 
ONNs that typically need preprocessing of the frames of 
the action sequences by pre-trained convolutional neural 
network (CNN) for human segmentation, our meta-RNN 
can directly process videos without the need for such pre-
processing steps. Consequently, our meta-RNN is capable 
of processing videos at high speed, achieving 1,968 frames 
per second.

We further utilize this task to demonstrate the capabil-
ity of our MOLM to rapidly recover from external pertur-
bations and its potential for real-time adaptable learning. 
To show this property, we intentionally move the metas-
urface by 10 µ m creating the axial misalignment after the 
digital NN is trained. The misalignment is the 20 times 
of the light wavelength. This axial misalignment results 
in a change in the modulation matrix of the metasur-
face, which may lead to a degradation of the accuracy by 
16.7%. However, the MOLM is capable of quickly recover-
ing from the error after re-training the single-layer digital 
NN as shown in Fig. 3e. The accuracy is restored to 96.3% 
after 45 epochs using only 1,920 training images, which 
takes only 234  ms. This study highlights the adaptability 
of the MOLM, even in dynamic or unpredictable environ-
ments and its potential for real-time adaptable learning. 
The experimental details can be found in Supplementary 
Note 10. Computing very large matrices with optical fan-
in allows for extremely low optical energy consumption. 

If the matrix size is sufficiently large, each multiplication 
requires a photon number far less than 1. Here, we dem-
onstrate in Fig. 3f that an average photon number of 0.078 
per multiplication is sufficient to maintain human action 
classification accuracy over 95%. This feature makes our 
system suitable for low-illumination environments. The 
experimental details can be found in Supplementary Note 
11.

2.4 � Solving real‑world challenge: accelerating the analysis 
of multi‑gigapixel whole slide images for cancer 
diagnosis

Leveraging on these advantages, we finally demonstrate 
the application of our MOLM in a real-world challenge, 
showcasing its distinct benefits in computationally 
intensive applications. For many diseases, particularly 
cancers, pathological diagnosis is the gold standard 
in clinical practice. The introduction of Whole Slide 
Imaging (WSI) scanners, which generate digitized 
pathology microscopic images, has revolutionized 
pathology image analysis. This technology enables 
computer-aided diagnostics, leveraging advanced 
deep-learning techniques to reduce the workload of 
pathologists and optimize the regional distribution 
of medical resources  [107]. However, WSIs present 
a challenge for deep learning due to their extremely 
large size. With single slides containing multi-gigapixel 
images, efficient processing of these images is crucial for 
automated diagnosis.

In our work, we apply an MOLM to detect and local-
ize breast cancer that has metastasized to nearby lymph 
nodes, a task of significant clinical importance but 
requiring substantial reading time from pathologists. 
Pathologists typically need to review thousands of meg-
apixel photos from a single WSI exceeding 10 gigapixels. 
We use the CAMELYON16 dataset  [108] for our study. 
To address the processing of extensive WSIs, each with 
dimensions of more than 2 billion pixels, we employ a 
patch-based framework. Initially, a preprocessing algo-
rithm, Otsu algorithm [109], is used to separate the raw 

(See figure on next page.)
Fig. 3  Experimental results of the meta-RNN for video-based human action recognition. a The working flow of the meta-RNN for video-based 
human action recognition. The action video is processed by the meta-RNN in a frame-by-frame way. Each action video contains 20 frames 
with a time interval of 80 ms. Firstly, the input frame xt with 120 × 160 pixels is encoded into the optical domain without any preprocessing. It 
is then processed by the MOLM to generate a compressed digital image f (xt) with 34 × 45 pixels. The processed frame is fused with the output 
at the previous frame to form the output at the current frame, i.e., ht = ht−1 + f (xt) . Finally, the output at the current frame is fed into a digital 
neural network to produce a frame-wise prediction result yt . The action prediction result is the label that appears most frequently in all frame-wise 
results of the action video. b The confusion matrix of frame-wise prediction results. c The confusion matrix of action prediction results. d 
Performance comparison of the MOLM with the state-of-the-art digital and optical approaches [40, 68, 105, 106]. The training time and processing 
speed of the meta-RNN are the predicted ones based on current experimental results (see details in Supplementary Note 23). e The ability 
of the meta-RNN in quickly recovering the accuracy after experiencing a hard perturbation. f The action accuracy versus averaged photons 
per complex-valued multiplication



Page 9 of 16Luo et al. eLight            (2026) 6:10 	

Fig. 3  (See legend on previous page.)



Page 10 of 16Luo et al. eLight            (2026) 6:10 

whole slide image into the useful foreground and the non-
tissue background, resulting in a reduced total pixel of the 
whole slide image to be processed, as shown in Fig.  4a. 
We then divide the large WSIs into smaller patches, each 
containing 1,000 × 1,000 pixels. These patches consist 
of 1,775 normal patches and 887 tumor patches. Dur-
ing the training phase, we convert the patches into opti-
cal images using the SLM. The modulated patch samples 
are processed by our MOLM and detected by the sensor 
array. Subsequently, the output from the sensor array is 
downsampled. The final step is to train a single-layered 
neural network with the patch samples to create a classi-
fier capable of distinguishing between normal and tumor 
classes. The mean AUC is 96.0% when the trained weight 
number is 140 and increases to 97.0% at the weight num-
ber of 1,200, as shown in Fig.  4b. The training process 
takes only 1.46 s, achieving a training accuracy of 95.1%, 
as shown in Fig. 4d.

Another WSI consisting of 2,030 unlabeled patches 
is used to test the performance of tumor tissue 
segmentation. Initially, these unlabeled patches are 
first processed using our MOLM. Subsequently, the 
processed patches are inferred with the trained single-
layered NN to produce the tumor-positive probability. 
Finally, the probability heat map is generated by 
mapping the predicted probability of the patches to 
the raw WSI. As shown in Fig.  4c, the resulting heat 
map demonstrates that our MOLM achieves accurate 
segmentation of three different tumor tissue regions 
from the billion-pixel-scale WSI, achieving an IOU of 
0.60, which is comparable to that of SAM (0.63). More 
importantly, our MOLM exhibits an impressively fast 
inference time of 1.02 s per whole slide image (WSI), 
representing a significant reduction compared to 
SAM which requires 1.48  h to analyze one WSI. This 
remarkable reduction in inference time allows our 
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Fig. 4  Experimental results of the MOLM for cancer diagnosis based on the whole slide image. a The working flow of the cancer diagnosis based 
on the whole slide image. The input WSI with over 2.2 × 1010 pixels is preprocessed with the Ostu method and cropped into a series of patch images 
with 1,000 × 1,000 pixels. The patch images are processed by the MOLM in a single shot and compressed into 30 × 40 pixels. Finally, these processed 
images are fed to a highly compact digital neural network to generate the final prediction result of whether the tumor cell is detected in the image. 
b ROC curve of the patch-level prediction results during the training phase. c The heat map of the prediction probabilities of the MOLM 
and the state-of-the-art segmentation model (SAM). The inset graphs a, b, and c represent three different zoom-in regions of the WSI, respectively. 
d Comparison of the training time and inference time of the MOLM with SAM. The time consumption of the MOLM is the predicted one based 
on current experimental results (see the details in Supplementary Note 23)
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MOLM to diagnose more than 42,352 patients within 
a single 12-h working day, while only 8 patients can be 
diagnosed using SAM in the same timeframe.

3 � Discussions
Connections and differences with digital ELM: The 
overall architecture is equivalent to a standard ELM, but 
with two key differences: our hidden-layer nonlinearity is 
quadratic rather than sigmoidal, and the fully connected 
weights are complex-valued and modulated by diffraction 
rather than arbitrary real-valued random variables. In 
Supplementary Note 5, we show that our system with 
complex-valued parameters slightly outperforms a digital 
ELM as the hidden-layer width increases; however, both 
exceed 99% accuracy on MNIST when the parameter 
count reaches tens of millions.

Operation under incoherent light illumination: 
One advantage of the meta-ONN is its compatibility 
with broadband illumination, which greatly expands the 
application scope of our system. Although metasurface 
responses are wavelength dependent, our approach does 
not rely on precisely optimized optical parameters, so 
spectral variations have a limited impact on performance. 
To experimentally demonstrate this, a broadband 
continuous LED source is combined with wavelength 
band-pass filters to realize different spectral widths from 
20 nm to 100 nm. The LED light contains all wavelengths 
within the chosen spectral band. We demonstrate that 
MNIST inference can achieve >98.3% accuracy across 
all spectral widths. The modest drop relative to 532-nm 
monochromic laser operation (99.2%) arises because 
LED-based optics implement only intensity-domain 
linear operations, whereas coherent light enables 
complex-valued linear transformations, yielding higher 
model capacity. The experimental details are provided in 
Supplementary Note 12.

Fabrication variances tolerance: Typical optical 
metasurfaces are highly sensitive to fabrication variations 
due to their subwavelength feature sizes; even with the 
same design, performance can vary substantially across 
devices. In contrast, our system is much more robust 
because it does not rely on the precise realization of indi-
vidual meta-atoms. To demonstrate this, we tested three 
chips fabricated in different batches. The meta-atoms of 
the fabricated metasurface exhibit a diameter range from 
92 nm to 413 nm, deviating from the designed diameter 
range from 100 nm to 400 nm due to fabrication errors. 
Despite the existence of physical imperfections, we 
observe that the experimental MNIST accuracy varies by 
less than 1% across the devices. The experimental results 
are provided in Methods and Supplementary Note 4.

Comparison with random scattering media: 
Random scattering media, which strongly modulate 

optical amplitude and phase, could also serve as an 
optical frontend in our architecture. The key distinction 
is controllability: random media are defined by 
micrometre-scale scatterers, whereas metasurfaces 
comprise engineered nanometre-scale meta-atoms, 
providing a far higher density of effective modulation 
elements. This finer spatial control enables more efficient 
spatial information encoding and, consequently, higher 
classification accuracy. Experimentally, replacing the 
metasurface with a random scattering medium yields 
92.0% accuracy on MNIST, substantially lower than the 
99.2% achieved with the metasurface. Experimental 
details are provided in Supplementary Note 13.

Improving system compactness: The sub-wavelength 
optical metasurface is much thinner and smaller 
than bulk optical devices. This allows for a highly 
compact integration with the CMOS sensors and thus 
a minimized system volume of our MOLM system. The 
system volume of a free-space-based ONN is defined as 
the area of the free-space optical device multiplied by 
the spacing distance between the optical device and the 
COMS camera. In the current experiment setup which 
uses a reflective metasurface, the reduction of volume 
is hindered by the use of a beam splitter, resulting in a 
system volume of 2,560 mm3 . In an improved design, the 
metasurface could be designed to work in a transmissive 
way by using a transparent substrate, for example, 
sapphire and quartz. The beam splitter is not needed. The 
distance between the metasurface and the converging 
lens could be shortened. In addition, the bulky 
converging lens could be replaced with a thin metalens 
with a high numerical aperture of 0.99 [110]. Considering 
that the metalens needs to fully cover the metasurface 
with a squared area of 3.2 × 3.2 mm2 , the diameter of the 
metalens is 4.5 mm and the focal length is 2.27 mm. The 
minimum distance between the metasurface and the lens 
can be equal to the metasurface size of 3.2 mm, which 
enables the all-to-all connection of optical weights during 
light diffraction. The spacing between the metasurface 
and the camera can be as small as 5.47 mm. As a result, 
the system volume could be extremely shrunk to 56 mm3 . 
which is more compact by 102–104 times than most state-
of-the-art 3D free-space-based ONN systems [33, 39, 40, 
42]. This compact volume allows the optical system to be 
fully integrated with the following digital backend.

Possible limitations: Compared with digital NN, 
the current system exhibits two limitations that can 
improvement when addressing more complex tasks. 
First, the architecture of the digital backend is relatively 
simple, consisting only of fully connected layers, whereas 
state-of-the-art digital ELM typically employ more 
advanced architectures such as deep convolutional 
NNs and transformers. The simple architecture of the 
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digital backend would result in inadequate learning 
ability and thus unsatisfactory performance in complex 
tasks. Second, we use an optical lens that transforms 
image into the Fourier domain. We found images in 
the Fourier domain exhibit obvious frequency-related 
features that are useful for classification tasks. However, 
for tasks requiring pixel-wise prediction, such as image 
segmentation, the optical lens will degrade system 
performance. In future work, these limitations could be 
overcome by designing a task-specific digital backend 
and removing the optical lens from the system.

In summary, we experimentally demonstrate a high-
performance MOLM that provides unprecedented 
accuracy and scalability. These exceptional performances 
are a result of realizing a true large-scale optical 
computing system by innovatively combining optical 
metasurfaces, a device fully leveraging the parallelism of 
optics, with infinitely wide NNs, a computing framework 
suitable for metasurface-based NNs to scale to 
arbitrary widths, depths, and complexity. An important 
observation from our experimental demonstration is that 
a single-layer optical metasurface chip with 41 million 
disorder-engineered meta-atoms, combining a small-
scale digital NN, can achieve competitive performance 
compared to state-of-the-art deep NNs such as ResNet 
and ViT. Our work represents a significant advancement, 
moving ONNs beyond benchmark demonstrations 
to effectively address real-world challenges. The 
performance comparison of the MOLM with the 
state-of-the-art ONN systems is shown in Table  S8 in 
Supplementary Note 27.

Our system loads over 99.99% computations on a 
passive optical metasurface. Although a small digital 
NN is still required at the backend, the time for training 
such as NN is greatly shortened from tens of hours to 
a few seconds. If high-speed SLMs and cameras are 
used, the training time could be reduced to only tens of 
milliseconds. This makes our system highly adaptable to 
dynamic or unpredictable environments that require real-
time learning abilities, such as robot-assisted surgery. 
Meanwhile, the inference time could easily be improved 
to the microsecond or even sub-microsecond level, which 
could enable a range of applications involving high-
speed objects and requiring real-time decisions. Even 
shorter training and inference times could be achieved 
using delicate neural network accelerators realized with 
field-programmable gate arrays (FPGAs) and all-analog 
electronics  [111, 112]. Overall, our system provides a 
practical pathway toward high-performance optical AI 
computing, enabled by its scalability, high tolerance to 
fabrication and alignment errors, and ability to operate 
under both coherent and incoherent illumination.

4 � Methods
Metasurface design and simulation: The metasurface 
is created using massive periodic unit cells. Every unit 
cell consists of a 220-nm-thick silicon cylindrical meta-
atoms with a diameter that varies across different cells. 
The silicon meta-atoms is deposited on a 2-µm-thick 
buried oxide layer on a 725-µm-thick silicon substrate. 
These unit cells are arranged in a square lattice in the 
two-dimensional plane. The period of the metasurface 
unit cell is 500 nm. Based on three-dimensional FDTD 
simulations, the optical phase and amplitude modulation 
coefficients of the unit cell for the incident light are 
obtained at various diameters under normal incidence. 
In the simulations, the grid size is 0.25 nm for the 
meta-atom and 8 nm for the buried oxide and substrate 
layers, respectively. The boundaries at the x-y plane are 
periodic to emulate the periodic meta-atoms of the 
metasurface, and the boundaries at the z plane are perfect 
match layers. The simulation details are provided in 
Supplementary Note 1. Simulation results indicates that 
the optical phase and amplitude of the incident light can 
be effectively manipulated by varying the diameter of the 
meta-atoms. The data table for the mapping relationship 
between meta-atom diameter and phase modulation 
is shown in Figure S1c of Supplementary Information. 
The fabricated metasurface comprises 6400 × 6400 = 
41 million meta-atoms. The diameter of every meta-
atom is independently designed to realize the optical 
phase and amplitude modulation coefficients following 
a Gaussian sampling distribution. Specifically, the 
standard deviation of the Gaussian distribution of phase 
modulation is designed as 0.4 π . With the designed phase 
distribution, the diameter of every meta-atom can be 
obtained according to the mapping relationship between 
the optical phase and meta-atom diameter, as shown in 
Figure S1c of Supplementary Information. The range of 
the meta-atom diameter is from 100 nm to 400 nm. The 
amplitude distribution is also determined without the 
need for further designs according to the relationship 
between optical amplitude and meta-atom’s diameter.

Metasurface fabrication: The metasurface chip is 
fabricated based on a multi-project-wafer (MPW) 
process offered by a commercial electron-beam-
lithography-based silicon foundry. The fabrication 
process starts with a silicon-on-insulator (SOI) wafer, 
where the device layer thickness is 220 nm, the buffer 
oxide layer thickness is 2 µ m, and the silicon substrate 
thickness is 725 µ m. A layer of electron-sensitive resist 
is coated on the device layer of the wafer, followed by 
heating to strengthen the resist. After that, a 100 keV 
electron gun is used to define the meta-atom patterns of 
the metasurface. The wafer is then chemically developed, 
and the patterned resist remains on the substrate. Finally, 
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an anisotropic RIE etching process is performed to 
transfer the pattern of the resist into the silicon device 
layer. The etching process will continue until the surface 
of the buffer oxide layer is exposed.

Quantitative phase imaging of the fabricated 
metasurface: Quantitative Phase Imaging (QPI) is used to 
measure the reflective phase response of the metasurface. 
The system has a diffraction-limited spatial resolution of 
665 nm and a field of view of 36 × 36 µm2 . With a total 
magnification of 200 × , the system achieves a high pixel 
resolution of 60 nm, thus enabling a clear visualization of 
the phase modulation matrix. The details about the QPI 
measurement are provided in Supplementary Note 7.

Experimental setup of the metasurface-based optical 
learning machine (MOLM): Our MOLM comprises 
an SLM for optical image generation, a single-layer 
metasurface chip, a converging lens for coherent 
summation, and a camera for optical image capture. 
The experiment setup starts with a 532-nm laser diode 
which emits an optical beam with a diameter of 3 mm 
and a spectrum with a full width at half maximum 
(FWHM) of 10 nm. The laser is then collimated using 
an optical lens and expanded to a diameter of 10  mm 
using an optical 4-f system. The purpose of expanding 
the beam diameter is to ensure that the laser beam 
can effectively cover the active area (15.4 mm × 9.6 
mm) of the spatial light modulator (SLM, Meadowlark 
Optics E19x12-400–800-HDM8). The SLM has a full-
pixel resolution of 1,920 × 1,200, a pitch size of 8 µ m, 
and an 8-bit modulation depth. The expanded laser 
beam enters onto the SLM at an off-axis angle of 12◦ . 
By introducing two linear polarizers placed before 
and after the SLM, the SLM can be used to encode the 
digital image onto the optical domain, as introduced 
in Supplementary Note 4. The polarization angle of 
both polarizers is 45◦ with respect to the horizontal 
direction. The SLM-generated optical image is 
projected onto the metasurface chip. Here, to ensure 
that the optical image can effectively overlap with 
the area of the metasurface chip to realize full-area 
modulation of the optical image, the effective area of 
the optical image is intentionally set as 4.1 × 4.1 mm2 . 
Two approaches are used to realize the consistent 
effective area in all the tasks: (1) For the task images 
whose pixel scale is smaller than 512 × 512, the images 
are upsampled to a pixel scale of 512 × 512 using the 
nearest area interpolation method in the digital domain. 
Consequently, the effective area of the optical image is 
512 × 8 µ m × 512 × 8 µ m = 4.1 × 4.1 mm2 . For example, 
the pixel scale of the COVID-19 image is upsampled to 
be 512 × 512 from 299 × 299. (2) For the task images 

whose pixel scale is larger than 512 × 512, the generated 
optical image is minified to an effective area of 4.1 × 
4.1 mm2 using a 4-f system in the optical domain. For 
example, the Chest X-ray image with a pixel scale of 
1,024 × 1,024 is minified double. In addition, since the 
effective area of the optical image is smaller than the 
laser beam size (10 × 10 mm2 ), an aperture of 5.5 × 5.5 
mm2 is used to block the stray light of the laser beam. 
A 50/50 beam splitter is placed between the SLM and 
the metasurface chip to realize the normal incidence of 
the optical image to the metasurface. The optical image 
is reflected by the metasurface and the beam splitter in 
sequence. Following that, the reflected optical image 
is focused by an optical converging lens with a focal 
length of 150  mm. Lastly, a camera (IRVI Contour IR 
Digital CMOS Camera) with an 8-bit depth and an 
activated pixel number of 600 × 800 is placed close to 
the focal plane of the converging lens to capture the 
optical image. The figure showing the experimental 
setup is shown in Figure S4 of Supplementary 
Information.

Neural network training: In the experiment, the 
camera-captured images processed by the MOLM are 
fed into a single-layer backend digital neural network to 
produce the prediction results of various machine vision 
tasks. The working flow of neural network training is 
shown in Figure S14a of Supplementary Information. 
First, the captured images are downsampled by 
averaging the received power in the neighboring sensor 
array, see the details in Figure S14b of Supplementary 
Information. After that, the down-sampled images 
and the corresponding labels are combined as the new 
dataset after the MOLM. The dataset is then randomly 
split into the training dataset and testing dataset by a 
certain ratio. The training dataset is used to train the 
digital neural network. The digital neural network 
consists of an input layer for receiving the input image 
and an output layer for generating prediction results, 
and the two layers are fully connected, as shown in 
Figure S14c of Supplementary Information. Biases are 
added to the output before the activation function of 
sigmoid. The mathematical expression of the single-
layered digital neural network is y = sigmoid(b0 + w0x) , 
where b0 , w0 , x, and y are the biases, the digital 
weights, the input image in the form of vector and the 
prediction result, respectively. Logistic regression is 
used to optimize the biases and digital weights. The 
nonlinear activation function is sigmoid. Finally, the 
testing dataset is used to verify the performance of 
the overall system. The downsampling ratio is 1,600 
for MNIST, 676 for CIFAR-10, 2,500 for COVID-19, 
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2,500 for the ICH dataset, 400 for the NIH dataset, 
400 for the WSI cancer dataset, and 324 for the human 
action recognition, respectively. The split ratio of the 
dataset and the hyperparameters for neural network 
training are task-dependent, which are introduced in 
Supplementary Notes 11–17. The details about the 
digital model training (SAM, ResNet-50, and ViT) are 
provided in Note 22.
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