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[bookmark: _Hlk193980565][bookmark: _Hlk193966108]A. Mathematical derivation of optical asymmetry in multi-layer structures 
[bookmark: _Hlk193968167][bookmark: _Hlk193967114][bookmark: _Hlk193967600][bookmark: _Hlk193967696][bookmark: _Hlk193967618]As the light propagates through multi-layer structures, it undergoes at least 2 processes: transmission and diffraction. We note that the order of the 2 processes cannot be exchanged. We mathematically consider the input optical field with N × N pixels to be a flattened vector E with a size of N2 × 1. The transmission process can be modeled as a diagonal matrix V of size N2 × N2, and the diagonal element is: 

    (S-1)
[bookmark: _Hlk194858601][bookmark: _Hlk193977968]where a and ϕ are its amplitude and phase. According to the Rayleigh-Sommerfeld (RS) diffraction theory, the diffraction process can be treated as a matrix W of size N2 × N2, with each element being: 

    (S-2)







[bookmark: _Hlk193978909][bookmark: _Hlk193980734]where λ is the wavelength, p is the pixel size, and  denotes the distance between the 2 points  and  on the rear and front planes of the diffraction process. We also notice that V and W are both symmetric matrices. Thus, the transfer matrix WV denotes that the optical waves first pass a transmissive layer and then undergo a diffraction process, and VW means that the optical waves go through the reverse process. We have , where T is the matrix transpose operator. However, we can easily verify that  does not hold, unless all diagonal elements of V are equal, i.e., , where  denotes a global complex transmission coefficient, and I stands for the identity matrix. Thus, we conclude that the unevenness of V leads to the optical asymmetry behavior. The optical reciprocity is naturally broken if the transmissive layer is spatially varying. 

[bookmark: _Hlk194001509]B. Target images of the backward direction for the model used in the simulation 

[image: ]
[bookmark: _Hlk194882078][bookmark: _Hlk195550769]Figure S1. Target images of the backward direction for the model used in simulation, named ‘T-Shirt’, ‘Trouser’, ‘Dress’, ‘Sneaker’, ‘Bag’, and ‘Ankle Boot’. 

C. Spatial resolution trade-off 
[bookmark: _Hlk205758570][bookmark: _Hlk205758184][bookmark: _Hlk205761727][bookmark: _Hlk205758501]We trained and tested a model with a smaller meta-pixel (P = 2.5 μm), as PCC-based violin plots in Figure S2. Each sub-figure in Figure S2 is plotted based on the simulated output results of the testing dataset (including 2,000 pictures). Compared with the original model (P = 5 μm), the model with P = 2.5 μm realizes a better imaging performance, with PCC values exceeding 0.9. Since the diffractive layers with smaller meta-pixels can manipulate the light at a higher resolution, the output images can be more accurately controlled, thus achieving a higher imaging performance. 

However, from the experimental perspective, the small size of the meta-pixel may be a challenge for alignment in the experiment. The allowed alignment error should be less than half of the meta-pixel (i.e., ±1.25 μm) if the misalignment resistance strategy is incorporated (see Model in Methods). Thus, this experiment requires a greater alignment accuracy, which may be challenging in the current experimental setup. 

[image: ]
Figure S2. PCC-based violin plots to evaluate the imaging performance of the simulated models with P = 5 μm (a, b) and P = 2.5 μm (c, d). 

[bookmark: _Hlk205670966]D. Simulated bandwidth analysis and possible achromatic measures 
We use the model of the simulation to demonstrate its spectrum performance. The average PCC values of forward and backward output images at wavelengths from 780 nm to 820 nm are shown in Figure S3. Between 790 nm and 810 nm, the PCC values exceed 0.7, indicating a good imaging performance. Thus, we estimate that the working bandwidth is about 20 nm centered at 800 nm. 

There are possible achromatic methods to improve its chromatic robustness. In our design, the diffractive layers are formed by meta-atoms based on the PB phase principle, which is wavelength-insensitive. Thus, such a meta-atom has an identical phase at different wavelengths. Using other dispersion-compensated meta-atoms can lead to various compensated phase responses at different wavelengths, which may help improve the original design. Another method is introducing multi-wavelength training. We can train the model at different wavelengths simultaneously, such as 760 nm, 780 nm, 800 nm, 820 nm, and 840 nm, rather than a single wavelength of 800 nm. Thus, it may have a good working performance from 750 nm to 850 nm. 

[image: ]
Figure S3. Average output PCC values of the simulated model at wavelengths from 780 nm to 820 nm. 

[bookmark: _Hlk195550473][bookmark: _Hlk194607616][bookmark: _Hlk195556206]E. Performance analysis of the Janus D2NN model with different numbers of diffractive layers 
[bookmark: _Hlk205757917][bookmark: _Hlk209438628][bookmark: _Hlk209438646][bookmark: _Hlk209440359][bookmark: _Hlk195556577]Figure S4 demonstrates the PCC-based violin plots to evaluate the output results of the forward and backward output images with different numbers of diffractive layers. Each sub-figure in Figure S4 is plotted based on the output results of the testing dataset (including 2,000 pictures). Several output images in both the forward and backward directions, with different numbers of diffractive layers, are shown in Figure S5. We notice that the D2NN models with two or more layers can realize the asymmetric imaging, but the imaging performance is influenced by the number of layers. The imaging performance improves as the number of diffractive layers increases, because more layers provide greater flexibility in controlling the light’s diffraction. 

[bookmark: _Hlk209438883][image: ]
[bookmark: _Hlk204865466][bookmark: _Hlk194943184][bookmark: _Hlk195551294][bookmark: _Hlk195550914][bookmark: _Hlk195551330]Figure S4. PCC-based violin plots to evaluate the output imaging quality of the models used in the simulation. The D2NN models are composed of 2 (a, b), 3 (c, d), 4 (e, f), and 5 (g, h) diffractive layers, respectively. 

[image: ]
Figure S5. Several output images in both the forward and backward directions selected from the test dataset. The D2NN models are composed of 2 (a), 3 (b), 4 (c), and 5 (d) diffractive layers, respectively. 

F. Discussion about the difference between the simulation and experiment tasks
[bookmark: _Hlk204869411]In the simulation task, the Janus meta-imager has input images from the EMNIST datasets and 3 diffractive layers. However, in the experiment task, the scheme is simplified. It only has square-shaped inputs and 2 diffractive layers. A 2-layer simulation model can achieve ideal PCC values of approximately 0.7 (see Figure S4), but we note that these PCC values are not sufficient to demonstrate the output images effectively (see Figure S5). The output images are still blurred and of low quality. In the experiment, the imaging performance may be further deteriorated, as the inaccurate alignment, fabrication errors, and other potential factors may also affect the imaging quality. Thus, it is very challenging to experimentally realize the EMNIST-based task using the current 2-layer simulation model. 

[bookmark: _Hlk205417391][bookmark: _Hlk204875308][bookmark: _Hlk204876072]A 3-layer simulation model can achieve a better imaging quality. However, the 3-layer structure is difficult to realize in the experiment. The biggest challenge is the alignment problem. In our experimental scheme, the diffractive metasurfaces are placed on different 3D translation stages, and we need to manually operate these stages to align these metasurfaces. The alignment error should be less than half of a meta-pixel, i.e., 2.5 μm. The resolution of these stages (about 1 μm) can fulfill the alignment tolerance, but a skillful alignment operation is still needed. Currently, we can perform the alignment of 2 layers, but the 3-layer alignment method still needs to be improved. Therefore, the simplified model with only 2 diffractive layers is used in the experiment. To solve this, we may develop other sample design schemes in the future, such as the TPP method (see Discussion in the main text), to get a better imaging performance. 

G. More details about the experimental setup 
A photograph of the experimental setup is shown in Figure S6. The red arrows represent the propagation path of the light. Notably, the laser source is not included here, since it is outside of the range of this photo. 

[image: ]
[bookmark: _Hlk209450763]Figure S6. A photograph of the experimental setup. LP: linear polarizer; QWP: quarter-wave plate; DMD: digital micromirror device; L: lens; OB: microscope objective; CCD: charge-coupled device. 

[bookmark: _Hlk194071501][bookmark: _Hlk194073885][bookmark: _Hlk194074595][bookmark: _Hlk194074645]H. Measured circular polarization conversion rate of metasurfaces
[bookmark: _Hlk194074560]As the designed metasurfaces work based on the Berry phase principle, they can convert the input circular polarization to its opposite circular polarization. Thus, when optical waves pass the first metasurface, the modulated output waves carry the cross-polarization. And the conversion rate is: 

    (S-3)
Then the second metasurface converts the waves into the co-polarization, with a conversion rate being: 

     (S-4)



[bookmark: _Hlk194881724]We experimentally measure the output polarization conversion rate using an optical power meter (see Figure S7). At the working wavelength of 800 nm, we have measured conversion rates  and , indicating a good circular polarization conversion performance. The decreased conversion rate  may be caused by the extra scattering effect of the two metasurfaces. 

[image: ]
Figure S7. Measured circular polarization conversion rates of a single metasurface (black line) and two cascaded metasurfaces (red line). 

I. The input dataset of the model used in the experiment 

[image: ]
Figure S8. The input dataset of the model used in the experiment, consisting of 9 different input images. 

[bookmark: _Hlk194604650][bookmark: _Hlk194002420]J. Target images for the model used in the experiment 
[bookmark: _Hlk194882059]Figure S9 depicts the target images for the model used in the experiment. The images in the first (second) row are the target images of the forward (backward) direction. 

[image: ]
[bookmark: _Hlk194607855]Figure S9. Target images for the model used in the experiment, named ‘A’, ‘B’, ‘C’, ‘D’, ‘E’, ‘F’, ‘G’, ‘H’, ‘I’, ‘J’, ‘K’, ‘L’, ‘M’, ‘N’, ‘O’, ‘P’, ‘Q’, and ‘R’. 

[bookmark: _Hlk205394798][bookmark: _Hlk205416885][bookmark: _Hlk205417430]K. Alignment tolerance analysis 

[bookmark: _Hlk205508133][bookmark: _Hlk205405204][bookmark: _Hlk205416947][bookmark: _Hlk205406162][bookmark: _Hlk205405993][bookmark: _Hlk205417697][bookmark: _Hlk205508150][bookmark: _Hlk205406053][bookmark: _Hlk205417317][bookmark: _Hlk205417809]We use the model of the experiment to analyze the layer-to-layer alignment tolerance. As we incorporated random 2D displacements of metasurfaces in every iteration of the training process (see Equation 5, and schematically shown in Figure S10a), the model should have a good resistance to the spatial misalignment, and the alignment tolerance should be the scope of the 2D displacements, i.e.,  = 2.5 μm. The calculated output results shown in Figure S10b verify this. By contrast, the model without the misalignment resistance strategy achieves a higher imaging quality when there is no misalignment. However, it has worse resistance to the spatial misalignment, since no misalignment resistance strategy is introduced (Figure S10c). Thus, we use the model trained with the misalignment resistance strategy in the experiment, and the alignment tolerance is half of a meta-pixel, i.e., ±2.5 μm, in both x- and y-directions. 

[image: ]
[bookmark: _Hlk205564763]Figure S10. Alignment tolerance analysis. a Schematic of the misalignment situation. b, c Calculated output results under different alignment errors using the experimental models trained with (b) and without (c) the misalignment resistance strategy. 

[bookmark: _Hlk205564786][bookmark: _Hlk205508247]L. Discussions about the α value in the loss function


[bookmark: _Hlk205506921][bookmark: _Hlk205508606][bookmark: _Hlk205508940]The loss function contains 2 items; the first item is , and the second item is  (see Equation 6), representing the output imaging quality and the efficiency, respectively. A larger α makes the second item also larger, thereby increasing its contribution to the loss function. In this way, the training algorithm focuses more on the second item and less on the first item. As a result, a larger α can lead to a higher output efficiency, but a lower output imaging quality, compared with a small α. We use the calculated output results of the experimental models with α values of 0.1 and 0.01 to verify this (see Table S1). We note that α = 0.01 may also be acceptable to get a better imaging quality, and maintain the consistency between the simulation and the experimental models. However, we still choose α = 0.1 in the experiment to get a higher output efficiency, so that our CCD camera can successfully capture the output images, while the imaging quality is not too bad. 

Table S1. Calculated output results using the models of the experiment with different α values. 
	α
	Average PCC
	Output efficiency

	0.1
	0.90
	84 %

	0.01
	0.93
	57 %
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