1 Methods
1.1 Numerical simulation of the metasurface band structure
Finite-element simulations were performed using COMSOL Multiphysics software Multiphysics to calculate the band structure of the metasurface discussed in the main text. The periodic system was modeled using a unit cell with periodic boundary conditions, while perfectly matched layers (PMLs) were introduced on both sides along the z-direction to absorb outgoing waves. In the simulations, both the substrate and the slab were treated as lossless dielectric layers with refractive indices of 1.45 and 2.4, respectively.

1.2 Implementation of the chiral constitutive relations
For chiral enantiomers characterized by a Pasteur parameter 𝜅, additional chiral-coupling terms must be introduced into Maxwell’s equations [1]：
                                                              (1)
                                                            (2)
COMSOL allows users to implement such a chiral constitutive relation by modifying the underlying governing equations. In the frequency-domain wave optics module, this can be achieved by enabling the Equation View, selecting Electromagnetic Waves, Frequency Domain (ewfd), and then entering the equation view of Wave Equation, Electric 1.
In this model, the electric displacement vector D and the polarization vector P satisfy D = ε0E + P, P = ε0εrE. The expressions for the three components of the electric displacement field are modified as follows:
ewfd.Dx: epsilon0 const*ewfd.Ex + ewfd.Px-i*kappa)/c0*ewfd.Hx
ewfd.Dy: epsilon0 const*ewfd.Ey + ewfd.Py-i*kappa)/c0*ewfd.Hy
ewfd.Dz: epsilon0 const*ewfd.Ez + ewfd.Pz-i*kappa)/c0*ewfd.Hz.
Similarly, the constitutive relations for the magnetic field H and its time derivative dH/dt are modified as follows:
ewfd.Hx: (ewfd.murinvxx*(ewfd.Bx-i*kappa/c0*ewfd.Ex) +
ewfd.murinvxy*(ewfd.By-i*kappa/c0*ewfd.Ey) +
ewfd.murinvxz*(ewfd.Bz-i*kappa/c0*ewfd.Ez))/mu0_const
ewfd.Hy: (ewfd.murinvyx*(ewfd.Bx-i*kappa/c0*ewfd.Ex) +
ewfd.murinvyy*(ewfd.By-i*kappa/c0*ewfd.Ey) +
ewfd.murinvyz*(ewfd.Bz-i*kappa/c0*ewfd.Ez))/mu0_const
ewfd.Hz: (ewfd.murinvzx*(ewfd.Bx-i*kappa/c0*ewfd.Ex) +
ewfd.murinvzy*(ewfd.By-i*kappa/c0*ewfd.Ey) +
ewfd.murinvzz*(ewfd.Bz-i*kappa/c0*ewfd.Ez))/mu0_const
ewfd.dHdtx: (ewfd.murinvxx*(ewfd.dBdtx-i*kappa/c0*ewfd.iomega*ewfd.Ex) +
ewfd.murinvxy*(ewfd.dBdty-i*kappa/c0*ewfd.iomega*ewfd.Ey)+ewfd.murinvxz*
(ewfd.dBdtz-i*kappa)/c0*ewfd.iomega*ewfd.Ez))/mu0_const
ewfd.dHdty: (ewfd.murinvyx*(ewfd.dBdtx-i*kappa/c0*ewfd.iomega*ewfd.Ex) +
ewfd.murinvyy*(ewfd.dBdty-i*kappa/c0*ewfd.iomega*ewfd.Ey)+ewfd.murinvyz*
(ewfd.dBdtz-i*kappa/c0*ewfd.iomega*ewfd.Ez))/mu0_const
ewfd.dHdtz: (ewfd.murinvzx*(ewfd.dBdtx-i*kappa/c0*ewfd.iomega*ewfd.Ex) +
ewfd.murinvzy*(ewfd.dBdty-i*kappa/c0*ewfd.iomega*ewfd.Ey)+ewfd.murinvzz*
[bookmark: _GoBack](ewfd.dBdtz-i*kappa/c0*ewfd.iomega*ewfd.Ez))/mu0_const. 
Before applying the above implementation, the following variables should be predefined in Component 1 → Definitions → Variables: “kappa” and “c0=1/sqrt(epsilon0_const*mu0_const)”
[bookmark: OLE_LINK6]
Note S1. Detailed parameters of the deep neural network
A fully connected deep neural network (DNN) was employed to establish a rapid mapping between the metasurface structural parameters and the corresponding eigenmodes. The network consists of an input layer, three hidden layers, and an output layer, with an architecture of 3–256–256–128–8. The input layer contains three neurons corresponding to the three structural parameters [r, d, t], while the output layer contains eight neurons corresponding to the resonance wavelengths and quality factors of four eigenmodes, i.e., [λ1, λ2, λ3, λ4, Q1, Q2, Q3, Q4]. Because the dynamic range of the Q factors is much larger than that of the wavelength components, and the Q values of different modes may span several orders of magnitude, the fifth to eighth output dimensions were transformed from Q to log10Q during training to reduce scale imbalance among the output variables and improve training stability. Accordingly, the network was trained to predict [λ1, λ2, λ3, λ4, log10Q1, log10 Q2, log10Q3, log10Q4]. After prediction, the log10Q were transformed back to the corresponding physical Q factors. The three hidden layers are fully connected and contain 256, 256, and 128 neurons, respectively. The activation function was chosen as SiLU. Both the input and output variables were normalized separately using MinMaxScaler to mitigate the influence of different physical scales. The dataset was divided into training, validation, and test sets with a ratio of 6∶2∶2.
It should be noted that, because the four eigenmodes may approach, cross, or undergo avoided crossing in the parameter space, mode-label switching can occur, meaning that the same output column does not necessarily correspond to the same physical mode across neighboring samples. To address this issue, the original ordered multi-output regression task was reformulated as a modal-set prediction problem, and a permutation-invariant loss was introduced during training. Specifically, all possible permutations of the four modal pairs (λi, log10Qi) were considered, and the minimum matching error was used as the optimization objective. In this way, the network learns the mapping from structural parameters to an unordered modal set, rather than performing element-wise regression against fixed column labels.
Training was carried out using the Adam optimizer with an initial learning rate of 1 × 10-3 and a batch size of 128. The loss function was defined as a permutation-matched mean squared error (MSE). In addition, a ReduceLROnPlateau learning-rate scheduler was employed: when the validation loss did not show significant improvement for 100 consecutive epochs, the learning rate was reduced by a factor of 0.5. To prevent overfitting, an early stopping strategy was further adopted: training was terminated if the validation loss did not improve for 300 consecutive epochs, and the model parameters corresponding to the best validation performance were retained. The maximum number of training epochs was set to 2000.
The DNN was trained to minimize the discrepancy between the predicted eigenmodes and those obtained from COMSOL simulations, while the validation set was used to monitor convergence behavior and generalization performance. The resulting trained model serves as a high-accuracy forward surrogate for the subsequent Bayesian optimization process, enabling rapid structural evaluation and inverse design.

Note S2. Relationship between Optical Chirality Enhancement and CD Signal Enhancement
The intrinsic circular dichroism (CD) signal of chiral molecules is typically very weak because the chiroptical response of natural molecules is inherently small. For electromagnetic fields, the optical chirality C can be expressed as [2]
                           (3)
where 𝜔 and c denote the angular frequency and speed of light,  is the phase angle between E multiplied by the complex number i and H, respectively. For circularly polarized incident light, the corresponding optical chirality can be taken as the reference value C0. Accordingly, the optical chirality enhancement factor is defined as
                                                            (4)
According to this expression, a large optical chirality enhancement requires simultaneous enhancement of the electric and magnetic fields, together with effective spatial and spectral overlap and a suitable relative phase between them. Previous studies have shown that these conditions form the basis for generating strong superchiral fields on metasurfaces [3]. 
The CD response of chiral molecules originates from the difference in absorption under left- and right-circularly polarized illumination. For a thin chiral molecular layer, the enhancement of the differential transmittance with and without the metasurface satisfies the following relation:
                                                        (5)
where  is the differential transmittance with the metasurface,  is the reference differential transmittancewithout the metasurface, and  is the volume-averaged CE within the molecular region. This relation indicates that the enhancement of the CD signal is directly proportional to the . 
Therefore, metasurfaces supporting strong superchiral fields can significantly amplify the intrinsically weak CD signal of chiral molecules because they simultaneously enhance the local electric and magnetic fields within the molecular interaction volume and increase the optical chirality of the system, thereby strengthening chiral light–matter interactions. It should be emphasized that localized hotspots alone are not sufficient to guarantee strong CD enhancement. If regions with opposite signs of optical chirality coexist in space, the CD contributions generated from different locations may partially cancel each other in the far field, thereby reducing the observable signal. Consequently, the key to ultrasensitive chiral detection is to engineer a superchiral field that is strong, accessible to the molecules, single-signed, and large in volume-averaged optical chirality enhancement.


[image: ]
Fig. S1 Dependence of the modal wavelengths and Q factors on the structural parameters of the metasurface. Evolution of the resonance wavelengths and Q factors for varying structural parameters: (A, B) the center distance between the cylinder and the hole, d, (C, D) cylinder radius r, and (E, F) slab thickness t.

These results show that the three structural parameters [r, d, t] play distinct roles in tuning the eigenmode characteristics, consistent with the parameter-selection strategy adopted in the main text for DNN training and Bayesian optimization.
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Fig. S2 Illustration of mode-label switching caused by modal crossing in the metasurface eigenmode dataset. 

Evolution of two representative eigenmode wavelengths as a function of the cylinder radius r, with d = 80 nm and t = 134 nm fixed. The TM1 and TE4 modes approach and cross near r ≈ 29 nm. When the modal outputs are sorted only by numerical wavelength order, the column labels “mode 1” and “mode 2” are exchanged across the crossing point, although the physical mode identities remain unchanged. This behavior exemplifies the label discontinuity discussed in the main text and explains why a conventional ordered-label regression formulation is inadequate for the present modal-learning task. 
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Fig. S3 Training and validation loss curves, together with the final test loss, for the conventional ordered-label regression baseline.

The model was trained using the same network architecture and dataset as the proposed method, but with a standard point-wise MSE loss applied to rigidly ordered modal outputs. Although the training loss decreases to a very low level, the validation loss remains substantially higher and does not improve further even after 6000 epochs, indicating evident overfitting and poor generalization. The inset highlights the persistent discrepancy between the training and validation losses at the late training stage. These results show that, when mode-label switching is ignored and the modal outputs are treated as rigidly ordered labels, artificial supervision conflicts are introduced, which severely degrade predictive performance.
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Fig. S4 Electric and magnetic field distributions of the TM1 and TE4 quasi-BICs exhibiting electromagnetic duality.

Simulated electric- and magnetic-field profiles of the TM1 and TE4 quasi-bound states in the continuum (q-BICs), showing their electromagnetic duality and strong spatial overlap. These mode characteristics support their selection in the main text as the target modal pair for inverse design of superchiral fields.
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Fig. S5 Inverse-designed band distributions obtained from BO runs with different random seeds for a target wavelength of 657 nm.

Inverse-designed band distributions obtained from BO runs with different random seeds for a target wavelength of 657 nm, showing consistent near-degeneracy of the two selected modes. Although the optimized structural parameters vary slightly across different runs, the selected modal wavelengths remain stably located near the target wavelength, demonstrating the robustness of the BO-based inverse-design process with respect to random initialization.
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Fig. S6 Strong coupling induced by the chiral enantiomers. (A) Schematic illustration of the coupling between the two target modes. Before introducing the chiral molecular layer, the two uncoupled modes follow bare-state branches (black lines) and intersect at zero detuning. After introducing the chiral enantiomers, strong coupling occurs and the two hybridized branches, namely the upper branch (UB) and lower branch (LB), are formed. (B) Evolution of the field distributions of the two hybridized branches with slab thickness t. 

This figure provides supplementary evidence for the strong coupling picture used in the main text to explain the origin of the enhanced CD response.
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Fig. S7 Simulated optical chirality distributions of the two hybridized branches.
Spatial distributions of the optical chirality for the UB and LB. 

The opposite optical-chirality signs of the two branches explain the opposite signs of their corresponding CD signals. 

Table S1. Inverse-designed metasurface parameters and corresponding modal wavelengths obtained from BO runs with different random seeds for a target wavelength of 657 nm.
	Random seed
	r (nm)
	t (nm)
	d (nm)
	λ1 (nm)
	λ2 (nm)

	56014
	32.13
	133.94
	75.05
	656.98
	656.98

	431036
	29.64
	133.81
	87.16
	656.99
	657.00

	446503
	48.37
	135.01
	24.76
	656.99
	657.01

	707700
	36.23
	134.64
	55.70
	657.01
	657.02

	751038
	40.97
	134.72
	43.54
	656.99
	657.01

	807857
	32.43
	134.01
	64.86
	656.99
	656.96



The small variation in the optimized structural parameters and the consistent modal wavelengths near 657 nm indicate that the BO-based inverse-design process is robust with respect to random initialization.
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