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Supplementary Main Text
Section S1. Forward design of Metasurfaces
[bookmark: Figures]Forward design always used in the design of metasurfaces, and the flow is shown in Fig. S1. We first scan the geometric parameters of sub-wavelength meta-atoms using an EM solver to construct a library of geometric parameters-phases of meta-atoms, and then discretize the wavefront of the desired metasurfaces into several regions with the same size as the meta-atoms, and finally query the library to insert corresponding meta-atoms to form the metasurfaces based on the phase of the target wavefront at the center of each region. In this flow, we introduce two approximations. The first is that in constructing the meta-atom library, for the simulation of each meta-atom we use local periodic boundary conditions (LPA) to approximate the interactions between meta-atoms in the metasurfaces, and secondly, we introduce a phase discrete approximation (PDA) for the discretization of the target wavefront when assembling the meta-atoms into metasurfaces. Although both approximations can greatly accelerate the design of metasurfaces with small errors in the design of some metasurfaces with slowly varying wavefronts and low refractive indices, they tend to introduce unacceptable errors when the metasurfaces to be designed have drastically varying wavefronts or the nano-structures are made of materials with a high refractive index. 

[image: ]
Fig. S1. Schematic of forward design. (A) Constructing a library of geometric parameters-phases of meta-atoms. (B) The comparison of the forward method, whereby a single (ideal) phase is fixed, using the LPA and PDA, versus large-area inverse design, whereby the full device scattering properties are incorporated into the design.

Section S2. Computing Cost Comparison
One significant advantage of MetaE-former is its computational speed. Compared to traditional numerical algorithms, MetaE-former can achieve speedups of tens of thousands of times during the online optimization stage, making large-scale complete inverse optimization feasible. Admittedly, MetaE-former is less flexible than traditional numerical algorithms across broad out-of-distribution physical parameters, but it has shown unique advantages in customized metasurface design tasks. While neural surrogate solvers offer significant inference-time acceleration over numerical Maxwell solvers, evaluating their practical advantage requires balancing offline training overhead against online optimization speedup [1]. To provide a transparent evaluation of the total computational overhead, we break down the execution time across all workflow stages: each meta-atom sample in the dataset requires approximately 25 s to calculate using RCWA (configured with 500 harmonics on an AMD Ryzen 9 5900X CPU); pre-training on the pre-train dataset takes approximately 0.75 h per epoch with a batch size of 32 on a single NVIDIA RTX 4090 GPU (totaling ~15 h for 20 epochs); fine-tuning the pre-trained model for a specific task takes approximately 60 s per epoch with a batch size of 32 on a single NVIDIA RTX 4090 GPU; and once fine-tuned, the MetaE-former surrogate solver takes approximately 0.27 s to optimize a single 5 μm × 5 μm patch on an NVIDIA RTX 3080 Ti GPU. 
As shown in Fig. S2, we compare the online execution time required to design the same size metasurface using MetaE-former against conventional FDTD and RCWA methods, where FDTD and RCWA employ topology optimization, and all computations were conducted on the same workstation. It is worth pointing out that since the primary computational resources mobilized by MetaE-former are GPU-based, whereas conventional FDTD and RCWA predominantly rely on CPU resources, strictly equalizing hardware allocation across these distinct architecture types is challenging. Nevertheless, evaluating both paradigms on the same hardware setup offers a realistic benchmarking environment, as the capability to efficiently harness modern GPU acceleration is itself a vital metric for evaluating high-performance computational methods.  
[image: ]
Fig. S2. Comparison of time costs for designing a metalens of various sizes using different methods: Finite-Difference Time-Domain (FDTD) in black, Rigorous Coupled-Wave Analysis (RCWA) in red, and MetaE-former (NN) in blue. MetaE-former demonstrates significant speed up, achieving up to  and  faster computations compared to FDTD and RCWA, respectively, making it feasible to calculate previously impossible sizes.

Section S3. Comparison with published work
We have divided the work in this paper into two parts to compare it side-by-side with the published work respectively. Table S1 gives a comparison of MetaE-former with some published deep learning based EM solvers, and Table S2 gives a comparison of fabricated large size, high N.A. metalens with some published works. For surrogate solvers that accelerate the metasurfaces design, we are more interested in three aspects: first, whether the surrogate solves 3D problems, which is related to whether the surrogate can accelerate the design of any kind of metasurfaces (only meta-gratings can be designed when only 2D problems can be solved). Secondly, the degrees of freedom (DOF) of the structure that can be solved by the surrogate solver. Each DOF implies a parameter space dimension that can be searched when designing metasurfaces, e.g., the 10 DOFs are the refractive index, the ridge height, and the width and position of the four ridges in the work of Minkun Chen et al. [2] It is worth pointing out that higher DOFs does not imply a larger parameter space, we also need to determine the feasible values to be taken under each DOF, for example, in the work of Yu Li et al. [3] the structure is divided into a  pixel grid, and each pixel is either exists the medium (1) or does not exist the medium (0), i.e., the DOF is 1600, and the parameter space has  values to be taken. But in our work, the structure is divided into a  pixel grid, and the refractive index of the medium of each pixel takes values ranging from 1 to 3.526, so although the degree of freedom is only 625, the parameter space has an infinite variety of values. Finally, the spatial size of the EM response that the surrogate can solve. If the surrogate solver can only solve for the EM response at a single point in space (usually a point directly above the center of the structure), it means that it is difficult to consider the EM coupling between structures when using the surrogate solver to accelerate in the design of metasurfaces.

	Works
	Date
	Dimension
	DoF
	Values taken for each DoF (discrete or continuous)
	Predicted field sized

	Wei Ma et al. [4]
	2018
	3
	5
	Continuous
	One point

	Sensong An et al. [5]
	2019
	3
	≤4
	Continuous
	One point

	Christian C.Nadell et al. [6]
	2019
	3
	16
	Continuous
	One point

	Yu Li et al. [7]
	2019
	3
	1600
	Discrete (0 or 1)
	0.4 μm ×0.4 μm

	Minkun Chen et al. [8]
	2022
	2
	10
	Continuous
	1.6 μm ×0.4 μm

	Tevfik Bulent Kanmaz et al. [9]
	2023
	3
	
	Discrete (0 or 1)
	1.28 μm ×1.28 μm

	ours
	
	3
	625
	Continuous
	5 μm ×5 μm


Table S1. Comparison of MetaE-former with published deep learning surrogate solvers.


	Works
	Date
	Materials
	Wavelength (nm)
	N.A.
	FWHM
	Size (diameter)
	Efficiency
	Time cost

	K. Shen et al. [10]
	2021
	
	1064
	0.88
	~1.7λ
	425μm
	\
	\

	M. Zhou et al. [11]
	2021
	n = 4
	
	0.9
	\
	
	13.2% (sim.)
	

	M. Mansouree et al. [12]
	2021
	α-Si
	850
	0.78
	~0.57λ
	50μm
	65% (exp.)
	

	
	
	
	
	0.94
	~0.47λ
	50μm
	49% (exp.)
	

	D. Yang et al. [13]
	2024
	c-Si
	530
	1.28
	~0.78λ
	400μm
	50% (exp.)
	\

	Z. Wu et al. [14]
	2024
	
	650
	0.8
	~0.72λ
	120μm
	40% (sim.)
	

	Ours
	
	α-Si
	1064
	1.31
	~0.43λ
	1000μm
	47% (sim.)
	

	
	
	
	
	
	
	
	24% (exp.)
	


Table S2. Fabricated large size, high N.A. metalens compared with published work. ‘\ ‘ means that no relevant data is given in the article.

Section S4. Experimental setup
As shown in Fig. S3, we built a metalens characterization setup and a polystyrene sphere trapping setup. In the metalens characterization setup, light passes through a polarizer and turns into x-polarized light, passes through a tube lens, and the fabricated metalens were illuminated by a partially focused beam. The focused light is collected by an oil-immersed objective lens, and is focused by the lens and then imaged on the camera. For the measurement of the focusing efficiency of the metalens, we replaced the camera with a pinhole of 150um diameter and a power meter.
The polystyrene sphere trapping setup was based on the metalens characterization setup with the additional LED illumination, and the rest of the setup was identical. The microtank holding the polystyrene spheres solution above the meta-lens is shown in Fig. S3.(B), and the coverslip is supported by a single layer of double-sided adhesive on both sides, and the center is injected with the polystyrene spheres solution.
[image: ]
Fig. S3. Schematic diagram of the optical setup. (A) Metalens characterization setup. (B) Experimental setup for polystyrene spherical trapping using fabricated metalens. (C) Schematic diagram of a microtank holding a polystyrene spheres solution.

Section S4. Polystyrene sphere trapping
Optical tweezers or traps (OTs) are optomechanical tools to trap and manipulate the micro-objects by a tightly focused laser beam. Since its inception in 1980s, OTs have been widely used in physical and biological researches because of their low damage, non-physical contact of objects, and high precision [15]. However, traditional OTs rely on bulky optical elements and long optical paths, making them difficult to be integrated into a compact platform and often suffer from severe drifting noise. In this case, lab-on-a-chip optical trapping devices with portability and convenience are emerging. Since the objective is the key element in a conventional OT, it is essential to minimize its size before miniaturizing the whole system. To achieve this goal, the flat lenses have become one of the promising choices, such as metalens and Fresnel zone plates.
With the optical path shown in Fig. S3.(B), we performed trapping experiments of polystyrene spheres (with an average diameter of 2 um) using fabricated metalens. As shown in Fig. S4.(A), we measured the stiffness at illumination powers of 50-800 mW, respectively, and the average stiffness in the x-direction was 25.33 , and the average stiffness in the y-direction was 22.47 . As shown in Fig. S4.(B), we present the scatter plot of the positions of a polystyrene sphere trapped under an illumination power of 600 mW over a time interval of 0 to 4s. Additionally, Fig. S4.(C) provides the trajectory plot in the x and y directions over the same time period. In Fig. S4.(B), the polystyrene sphere was initially firmly trapped, and when we turned off the laser, the polystyrene sphere began to move to the upper right (see Supplementary Material Movie S1 to S8 for videos of trapping at different illumination powers).

[image: ]
Fig. S4. Results of polystyrene sphere trapping experiments. (A) Stiffness in x and y-direction for different illumination powers. (B) Scatter plot of polystyrene spheres positions trapped at an illumination power of 600 mW. (C) Trajectory plot of polystyrene spheres motion in the x and y directions over 0-4 s at an illumination power of 600 mW. (D) Release of polystyrene spheres after trapping.

Section S5. Metasurface Design
MetaE-former can be easily implemented to design large-size metasurfaces because of its ability to quickly compute the EM response of meta-atoms with continuous RI and the differentiability nature of NNs. In the design process (Fig. S7), MetaE-former is primarily used to obtain the gradient for updating the RI distribution through backpropagation. Overall, the algorithm comprises three main parts: generating a batch of meta-atoms from uniformly distributed noise vectors, using MetaE-former to compute the response of these meta-atoms and the amplitude/angle loss, and updating the meta-atom’s RI through backpropagation operation to minimize the loss function. We start the iterative optimization loop from a random RI distribution . Utilizing the natural differentiability of MetaE-former, we compute the gradient  and update the RI distribution  to  via the Adam optimizer to reduce the loss function. The desired meta-atom can be obtained by repeating this procedure until the loss function f meets the given criterion.

[image: ]
Fig. S5. Meta-atoms inverse-design flow chart. With a target wavefront and constraints, we can optimize a randomly initialized meta-atom through an optimization loop to make this meta-atom generate a given wavefront response to plane wave incidence. The MetaE-former can be used in place of solvers such as FDTD to quickly obtain the electric field response of the meta-atoms, and the gradient in the optimization loop can be obtained either by MetaE-former in combination with the optimization algorithm or directly by backpropagating the MetaE-former, we use the latter in this article. In the optimization loop, we can make the meta-atom binarized to two media, such as air and α-Si, water and α-Si, by adding penalties. 

Section S6. Simulation Setup
The schematic demonstration of simulation setup for training data generation is shown in Fig. S6. During the data generation, we used the Lumerical RCWA numerical full EM solver. RCWA is a practical and effective electromagnetic field theory that solves Maxwell's equations rigorously in the grating region, turning the problem of solving Maxwell's equations into a problem of solving the eigenfunctions, and obtaining an expression for the electromagnetic field coupled by the eigenfunctions in the grating region. The setup in RCWA is shown in Figure. S6, where α-Si nanopillars are placed on a  substrate and the monitor plane is placed at a distance of one wavelength above the nanopillars. When the RCWA calculation is completed, we record the Ex, Ey and Ez electric field components on the monitor plane, uniformly sampled as a 100*100 matrix. We use the Ex, Ey, Ez matrix and the refractive index matrix of the nanopillar as one of the data in the MetaE-former dataset.

[image: ]
Fig. S6. Illustration of the simulation setup.

Section S7. Loss Balance
As state in main article, the total loss function used for training consists of two parts  and.  In order to obtain the best performance of the model, it is necessary to introduce the balance hyperparameter α to modulate the proportion of two loss parts.
Assuming non-trained model's output and the target is roughly obey standard normal distribution, which is reasonable for non-prior data normalized by z-score, as a result, the difference is obey normal distribution

So the abs of difference follows the half-normal distribution, where

The angle of difference follows uniform distribution, since the standard normal distribution in complex field is irrelevant about the polar angle, so the PDF of angle of the difference is

In turns

So the balance coefficient can be determined

Such a choice would make the two loss functions roughly equal numerically and contribute equally to the training goal of the model. Certainly, this is not the only option, because the former losses already include the latter essentially, a possible alternative is to choose , which represent slightly enhance angle part of the model training target.

Section S8. The fine-tuning test results of the Airy beam
Following the workflow illustrated in Fig. 4, we similarly evaluated the fine-tuning of MetaE-former within the metasurface designed for Airy beam generation. The wavefront of the Airy beam exhibits

where  denotes the wavelength, and  represents the characteristic scale parameter that determines the phase curvature and governs the main lobe size of the beam. The coefficients  and , corresponding to the slopes of the linear phase terms that control the initial deflection direction of the beam, were both set to zero. We employed the pre-trained MetaE-former to design metasurfaces with characteristic scale parameters of  and , which were subsequently utilized as the fine-tuning dataset and test dataset, respectively. As shown in Figure S7, we present the test results of MetaE-former fine-tuning with varying sizes of the fine-tuning dataset. Although the model performance still shows improvement when fine-tuned with 9000 data points compared to using 7500 data, we recommend adopting 7500 data as the optimal size for the fine-tuning dataset to reduce computational costs during dataset acquisition.

[image: ]
Fig. S7. The performance of the fine-tuned MetaE-former on the test set with varying sizes of the fine-tuning dataset.

Section S9. Binarization Method
As described in the text, when using gradient optimization for metasurfaces after backpropagation, we need to ensure that the final design is binary, representing the background medium and the material used for fabricating the metalens. A non-binary design cannot be processed, thus affecting the practicality of the method. We chose to add a discrete penalty to the design objective function to drive the device towards discretization.
As shown in Fig.S8, a too weak discrete penalty will result in the final design not converging to the discrete target, while a too strong penalty will lead to convergence to a meaningless solution. Therefore, selecting the appropriate penalty hyperparameters is a crucial step in producing an effective design. Through parameter scanning, we determined a set of relatively suitable hyperparameters: using the Adam optimizer with a learning rate of 0.1 for 1000 steps, applying the discretization penalty from the 750th step onwards, with the penalty coefficient linearly increasing from 0 to 5.

[image: ]
Fig. S8. Illustration demonstrating the effect of discrete penalty strength on the final design. (A) The design with too weak a penalty, failing to converge to a discrete target. (B) The design with an appropriately tuned penalty, resulting in a proper binary pattern. (C) The design with too strong a penalty, leading to a meaningless solution.

Section S10. Overlap of patches in the design of metasurfaces
Simulating a monolithic 1 mm × 1 mm high N.A. metasurfaces via full-wave Maxwell solvers poses prohibitive challenges to computational resources and memory capacity. To overcome this bottleneck, our framework decomposes the continuous target wavefront into sub-domains of 5 μm × 5 μm patches, optimizing them in parallel. Conceptually, this patch-wise inverse design extends standard forward design paradigms based on local periodicity approximations; however, while forward designs consider isolated single sub-wavelength meta-atoms, our MetaE-former optimizes super-unit patches consisting of 25 × 25 nanopillars. This design scale intrinsically accounts for internal multi-body electromagnetic coupling across an extent of > 4.7 λ, fundamentally suppressing boundary discretization errors. As the sub-patch size scales toward the total device aperture, inter-patch boundary errors theoretically diminish toward zero.
However, the situation is different at the edges of the patches. The edges are always influenced by the output of adjacent patches, causing the output performance to differ when calculated individually versus as part of the metalens. Although we can increase the area of the patches to reduce the ratio of the edge area to the total area, this increases computational complexity quadratically. Therefore, we introduce overlapping segments to mitigate this issue.
As shown in Figure S9, we set the segmentation step size to be smaller than the patch size, so that the edges of adjacent patches have the same target. Subsequently, each patch discards half of the overlapping region during splicing. In other words, the overlapping region provides a buffer zone that connects the two patches, ensuring that the edge parts of the patch behave similarly in the metalens as they do when calculated individually, thereby improving the overall wavefront quality of the metalens.
To quantitatively evaluate the boundary stitching fidelity and determine the optimal overlap width, we selected 10 representative multi‑patch sub‑regions (1 × 2 patch arrays, 5 μm × 10 μm in size) from the high‑N.A. metalens for an ablation study. The electric‑field seam error was defined as the average normalized mean absolute error (MAE) of the phase between the stitched sub‑regions and the monolithically optimized ground‑truth domains. The results for overlap widths of 0 (non‑overlapped direct stitching), 2, 4, and 6 nanopillars are summarized in Table S3. In addition, we present the full‑wave simulation results of the complete wavefront for these four overlap configurations in Fig. S10, and the relative error distribution maps for each stitching strategy in Fig. S11. The results demonstrate that, compared to direct stitching without overlap, incorporating overlapping boundaries effectively smooths field transitions and suppresses unphysical interface scattering. Since the quantitative seam error reaches its minimum at an overlap width of 2 nanopillars (0.4 μm) and increases gradually when the width is enlarged to 4 or 6 nanopillars (which is predictable, as a larger overlap implies a greater discarded area), we adopt the 2‑nanopillar stitching scheme, which also consumes the least computational resources.
[image: ]
Fig. S9. Overlapping patch segmentation method. Patches from the last patching (pink) overlap with patches from the next patching (blue) in the overlapping region (purple) to ensure continuity and improve wavefront quality in the complete metalens design.
[image: full_wave]
Fig. S10. Full-wave simulation results of the phase response for different stitching strategies. Two adjacent patches were randomly selected from the large-scale metalens for optimization testing. The RCWA method was employed to simulate different stitching configurations, and the resulting phase responses of the metasurface electric field were calculated: (A) direct stitching after separate simulation of the two patches; (B) monolithic simulation without overlap; (C) overlap of 2 nanopillars; (D) overlap of 4 nanopillars; (E) overlap of 6 nanopillars.
[image: Rela_err]
Fig. S11. Relative error maps for different stitching strategies. The absolute errors for each stitching configuration were calculated according to Eq. (3), from which the corresponding relative error distribution maps were derived: (A) monolithic simulation without overlap; (B) overlap of two nanopillars; (C) overlap of four nanopillars; (D) overlap of six nanopillars.

	Overlap Width
	Border Dimension (μm)

	Relative Error

	0 pillars (Direct)
	0
	16.74%

	2 pillars
	0.4
	14.74%

	4 pillars
	0.8
	15.29%

	6 pillars
	1.2
	16.50%


Table S3. Ablation study results on the overlap width.

Section S11. Architectural Ablation Studies
To isolate the contribution of the NAT architecture and validate our hyperparameter choices, we conducted comprehensive ablation experiments on the MetaE-former framework. All experiments were performed under identical training protocols (batch size 32, learning rate 1e-4) on the pre-training dataset, with performance evaluated on the 25,000-sample evaluation set.
S11.1 Ablation on NAT Hyperparameters
We systematically varied five key architectural parameters—number of NhA blocks, neighborhood attention kernel size, number of attention heads, embedding dimension, and effective receptive field—while keeping all other configurations fixed. Table S4 summarizes the results.
The results demonstrate that our chosen configuration (16 NhA blocks, kernel size 5, 16 heads, embedding dimension 256) achieves near-optimal accuracy while maintaining reasonable computational cost. Increasing model capacity beyond this point yields diminishing returns in prediction accuracy (<3% MAE reduction) at the expense of substantially increased inference time (>30%) and parameter count (>20%). Conversely, reducing capacity leads to noticeable performance degradation, particularly in angle prediction. These observations confirm that our hyperparameter selection represents a principled trade-off between fidelity and efficiency.
	Configuration
	Test MAE (Amp)
	Test MAE (Angle)
	Inference Time (ms)
	Parameters (M)

	NhA blocks

	8 
	0.112
	0.134
	8
	18.4

	12
	0.098
	0.118
	11
	25.6

	16 (Ours)
	0.091
	0.109
	15
	32.8

	20
	0.088
	0.105
	20
	40.2

	24
	0.086
	0.105
	26
	47.6

	Kernel size

	3
	0.107
	0.128
	10
	28.6

	5 (Ours)
	0.091
	0.109
	15
	32.8

	7
	0.089
	0.107
	21
	36.4

	9
	0.088
	0.105
	32
	38.2

	Heads

	4
	0.104
	0.125
	9
	22.4

	8
	0.096
	0.116
	12
	27.6

	16 (Ours)
	0.091
	0.109
	15
	32.8

	24
	0.090
	0.108
	19
	38.0

	Embedding dim

	64
	0.134
	0.162
	7
	8.4

	128
	0.106
	0.128
	10
	16

	256 (Ours)
	0.091
	0.109
	15
	32.8

	384
	0.088
	0.106
	22
	52.6

	512
	0.087
	0.105
	37
	76.4


Table S4. Comparison of MetaE-former against baseline architectures.
S11.2 Comparison with Baseline Architectures
To further validate the architectural choice, we compared MetaE-former against three representative baselines under identical training conditions: U-Net (a CNN-based surrogate widely used in EM prediction), Swin Transformer (a hierarchical ViT with window-based attention), standard Vision Transformer (with global self-attention) and Fourier Neural Operator (FNO, a powerful surrogate for PDE problems). Table S5 presents the comparative results.
MetaE-former consistently outperforms all baselines in both amplitude and phase prediction accuracy. Notably, it achieves a 26.6% reduction in amplitude MAE compared to U-Net and a 12.5% reduction compared to Swin Transformer, while maintaining faster inference than Swin and ViT. The superior performance over Swin Transformer is particularly noteworthy, as both architectures are hierarchical Transformers—the key difference lies in NAT's sliding-window attention versus Swin's window-based attention. This advantage suggests that the continuous, overlapping receptive field of neighborhood attention is better suited for capturing the spatially continuous EM interactions in metasurfaces than the partitioned windows of Swin. The comparison with standard ViT further confirms that local attention is preferable to global attention for this task, as global self-attention introduces redundant long-range dependencies that do not improve accuracy but increase computational burden.
We further benchmarked MetaE-former against the Fourier Neural Operator (FNO), a recently emerging neural operator that learns mappings in Fourier space and has shown promise for electromagnetic surrogate modeling. With an inference time of 8.4 ms and 18.6 M parameters, FNO is the fastest among all compared methods, benefiting from its efficient global convolution implemented in the frequency domain. However, its amplitude and phase MAE (0.109 and 0.132, respectively) are notably higher than those of MetaE-former (0.091 and 0.109). This performance gap reflects a fundamental difference in how the two architectures handle spatial information: FNO's global spectral mapping, while computationally efficient, tends to smooth out fine-grained spatial features and struggles to resolve the localized electromagnetic interactions that are critical for accurate near-field prediction in complex metasurfaces. In contrast, MetaE-former's neighborhood attention provides a sliding-window receptive field that naturally aligns with the local coupling nature of EM field distributions, achieving superior accuracy at a modest computational overhead. These results collectively indicate that spatially aware local attention is better suited for metasurface surrogate modeling than global frequency-domain operators.
These ablation studies collectively validate that (1) the NAT architecture is a well-motivated choice for EM surrogate modeling, and (2) our specific hyperparameter configuration achieves an optimal balance between prediction accuracy and computational efficiency.

	Architecture
	Test MAE (Amp)
	Test MAE (Angle)
	Inference Time (ms)
	Parameters (M)

	U-Net
	0.124
	0.156
	12
	24.8

	Swin Transformer
	0.104
	0.126
	18
	36.2

	ViT
	0.098
	0.118
	28
	42.4

	FNO
	0.109
	0.132
	8
	18.6

	MetaE-former (Ours)
	0.091
	0.109
	15
	32.8


Table S5. Comparison of MetaE-former against baseline architectures.

Section S12. Ablation Study on Pre-training Dataset Composition
The pre-training dataset in this work comprises three types of free-form meta-atoms: random patterns (72%, approximately 70%), island-like patterns (12%, approximately 13% ), and certain patterns (12%, approximately 13%). To validate this composition choice, we conducted ablation experiments by varying the proportion of each pattern type while keeping the total dataset size fixed at 260,000 samples. All models were trained under identical protocols (batch size 32, learning rate 1e-4, 20 epochs) and evaluated on the same 25,000-sample evaluation set.
As shown in Table S6, the composition of 72% random + 12% island + 12% certain achieves the lowest overall normalized MAE (0.091 for amplitude and 0.109 for angle). This composition provides sufficient random-pattern samples for the network to capture fundamental EM-dielectric interactions, while the island-like and certain patterns introduce structured features that are essential for generalizing to purpose-designed metasurfaces. Reducing the proportion of random patterns (e.g., 50% random) degrades performance on random and certain pattern types, as the network lacks sufficient samples to learn the basic mapping. Conversely, increasing random patterns beyond 72% comes at the expense of structured pattern samples, leading to higher errors on island-like and certain patterns. These results confirm that the chosen composition strikes an optimal balance between learning fundamental interactions and capturing structured features.

	Random : Island : Certain
	Test MAE (Amp)
	Test MAE (Angle)

	90:3:3
	0.110
	0.126

	80:8:8
	0.096
	0.118

	70:13:13 (Ours, ~72:12:12)
	0.091
	0.109

	60:23:23
	0.096
	0.115

	50:33:33
	0.102
	0.120


Table S6. Ablation study results on pre-training dataset composition.
Section S13. Ablation Study on Loss Function Design
To validate the effectiveness of our proposed loss function, we conducted a systematic ablation study comparing it against several commonly used alternatives under identical training conditions (batch size 32, learning rate 1e-4, 20 epochs on the same pre-training dataset). The loss function variants examined are as follows:
(1) . Loss-MAE (Amp only): ;
(2) . Loss-MSE (Amp only): ;
(3) . Loss-Phase only:  as defined in Eq. (3);
(4) . Loss-Real/Imag:;
All models were evaluated on the same 25,000-sample evaluation set, and the normalized MAE for both amplitude and phase was computed for each variant.
As shown in Table S7, the results reveal several important insights. First, constraining only the amplitude (whether by MAE or MSE) yields slightly lower amplitude errors compared to our method (0.085 vs. 0.091 for MAE, 0.083 vs. 0.091 for MSE), but the phase errors are significantly larger (0.178 and 0.171 vs. 0.109 for ours). This indicates that amplitude-only constraints fail to preserve phase information, leading to degraded wavefront quality. Conversely, constraining only the phase yields a phase error of 0.121 (slightly larger than ours at 0.109) but with a substantially larger amplitude error of 0.156, demonstrating that phase-only constraints sacrifice amplitude fidelity.
Second, constraining the real and imaginary parts separately (Loss-Real/Imag) achieves amplitude and phase errors of 0.093 and 0.134, respectively. While the amplitude error is comparable to ours (0.091), the phase error is notably larger (0.134 vs. 0.109), indicating that independent constraints on real and imaginary parts do not effectively capture the phase structure. 
Finally, our proposed loss function achieves the best overall balance with amplitude MAE of 0.091 and phase MAE of 0.109. It outperforms all variants in terms of phase accuracy except for the single-phase constraint (which sacrifices amplitude), and achieves amplitude accuracy comparable to the real/imaginary constraints while maintaining superior phase fidelity. This balanced performance is critical for metasurface design, where both the amplitude and phase of the transmitted field determine the final wavefront quality. These results confirm that our loss function, with the theoretically derived balance coefficient .

	Loss Function
	Test MAE (Amp)
	Test MAE (Angle)

	Loss-MAE (Amp only)
	0.085
	0.178

	Loss-MSE (Amp only)
	0.083
	0.171

	Loss-Phase only
	0.156
	0.121

	Loss-Real/Imag
	0.093
	0.134

	Ours
	0.091
	0.109


Table S7. Ablation study results on loss function variants.

Section S14. Quantitative Assessment of Fabrication-Error-Induced Phase Deviations
To quantitatively assess the impact of fabrication imperfections—specifically surface roughness and corner rounding of the nanopillars—on the phase response, we performed additional numerical simulations by introducing varying degrees of sidewall roughness and edge rounding into the ideal metasurface model. Specifically, based on the measured SEM morphology, we modeled the fabricated pillars with rounded corners (curvature radii randomly sampled from 10 nm to 50 nm) and surface roughness (RMS values randomly sampled from 5 nm to 20 nm).
The simulation results, presented in Fig. S12, compare the phase distributions of the ideal morphology Fig. S12. (A) and the fabricated morphology with introduced imperfections Fig. S12. (B), with Fig. S12. (C) showing the corresponding phase error distribution. The results indicate that these fabrication errors introduce phase deviations of approximately 0.02π to 0.05π relative to the ideal rectangular pillars, depending on the pillar geometry and the severity of the roughness. While non‑negligible, this level of deviation remains within the tolerance range for maintaining reasonable focusing performance (typically < 0.1π for our design target).
These results have been incorporated into the discussion in the main manuscript to provide a more comprehensive understanding of the discrepancy between simulation and experiment.
[image: fab_error]
Fig. S12. Simulated phase response of ideal and fabricated metasurface morphologies with error analysis. (A) Ideal morphology; (B) morphology with fabrication errors (corner rounding and surface roughness); (C) phase error distribution between (A) and (B). The deviations are 0.02π–0.05π, within the tolerance of < 0.1π.
Movie S1. Optical trapping of polystyrene beads by a metalens under 50 mW illumination.
Movie S2. Optical trapping of polystyrene beads by a metalens under 100 mW illumination.
Movie S3. Optical trapping of polystyrene beads by a metalens under 200 mW illumination.
Movie S4. Optical trapping of polystyrene beads by a metalens under 300 mW illumination.
Movie S5. Optical trapping of polystyrene beads by a metalens under 400 mW illumination.
Movie S6. Optical trapping of polystyrene beads by a metalens under 500 mW illumination.
Movie S7. Optical trapping of polystyrene beads by a metalens under 600 mW illumination.
Movie S8. Optical trapping of polystyrene beads by a metalens under 700 mW illumination.
Movie S9. Optical trapping and subsequent release of a polystyrene bead by a metalens at 600 mW illumination power.
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