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[bookmark: _Toc188803983]Supplementary Note 1. Physical Model of multimode fiber at different displacements

To explore how the displacement of the target influences the transmission modes, a physical model is built to simulate the optical field propagation and coupling processes in multimode fiber (MMF).

The angular spectrum method is employed to calculate the propagation of the optical field output from the DMD to the fiber-end-ball1. The specific process involves performing a Fourier transform on the optical field to obtain its spectrum:



The spectrum of the light field  in front of the fiber-end-ball is obtained by multiplying  with the transfer function:





Where  represents the angular spectrum transfer function,  is the wave number,  is the distance between the DMD and the fiber-end ball,  is the wavelength, and  are the spatial frequency components in the x and y directions.

And then performing an inverse Fourier transform to obtain the optical field as:



The fiber-end ball is treated as a spherical lens with a fixed radius to determine the optical field entering the fiber as:



Here, k​ is the wavenumber in vacuum, R is the radius of curvature of the fiber-end-ball, n​ is the refractive index of the ball material, and x and y are the coordinates in the plane.

The fiber-end-ball is treated as a thin lens. Similar to the previously described light propagation process, we obtain the optical field  at a diffraction distance after the ball. This diffraction distance is obtained using a microscope after the fiber-end-ball is fabricated








And the output field is then projected onto the LP mode coordinate basis of the fiber to obtain the projection coefficients. 



Where  represents the distribution of linearly polarized mode fields with angular mode order and radial mode order of m and n, respectively.  represents the total mode order, which is obtained by arranging these LP mode fields in the order of the cutoff frequency. In this experiment, the first 1000 modes are taken into consideration. Project the input mode field to the first 1000 LP mode fields to get the mode coefficients ~. In order to more intuitively evaluate the energy share of the input light field decomposed into each mode, further calculations were performed to obtain the energy percentage factor:



Where, is the total input energy of , 



In order to characterize the overall mode distribution and the higher-order mode share of different displacement, the normalized average mode order is defined:



In order to show a clear trend of change, we increase the interval of displacement to 5mm and simulate the normalized average mode order at different displacements from 0 to 40mm. The result shows that when the displacement increases, the normalized modes coefficient indicates an overall decreasing trend as shown in Table S1.

[bookmark: _Toc188803984]Supplementary Note 2. Superoscillatory speckle patterns of multimode fiber

The optical superoscillatory phenomenon creates subwavelength structures in the phase distribution of light by constructing multiple interferences of the light field. This phenomenon enables the resolution of light to surpass the diffraction limit, achieving nanoscale or even atomic-scale. It is currently used as "optical ruler" or for designing super-oscillation lenses(Ref 7) to achieve super-diffraction imaging or displacement measurements.

Superoscillation also exists in speckle fields(Ref 44). In experiments, we observed the superoscillatory phenomenon in the speckle field of multi-mode fiber, which demonstrates the capability of the proposed system in nano-displacement measurement. Since there is no interference light path in our system, we solved the phase of the speckle light field using the Transport of Intensity Equation(TIE) (Ref 43).

Specifically, we assume that the speckle light field output from the fiber is a monochromatic light beam freely transmitted along the z-axis, and its complex amplitude can be represented as follows:



Where  is the complex amplitude of the light field,  is the intensity of the light field, and  is the phase of the light field. Under the paraxial approximation, the propagation of the light field satisfies the following parabolic equation:



Where  represents the change in intensity distribution along the z-axis,  denotes the gradient operator, and  represents the two-dimensional Laplacian operator. k is the wave number, which satisfies k=2π/λ where λ is the wavelength. The one-dimensional partial derivative of  is taken with respect to the direction of .



The two-dimensional partial derivatives of  are taken with respect to the x and y directions, respectively,



Calculate the conjugate function  of ,



Multiplicate the  with left of formula (), we obtain:



Multiplicate the  with left of formula (), we obtain:



Subtract equation () from equation () and simplify, we obtain:



Further simplify the above expression, we obtain:



The above equation is the derived TIE, which indicates that after clarifying the intensity distribution and the intensity differential along the optical axis, the next step is to solve the second-order partial differential equation. Ultimately, this will provide the specific phase distribution information on the plane at position . Generally, by capturing two or more defocused images, the axial derivative can be predicted using the finite difference method.

Several methods are commonly used to solve the intensity transfer equation, including Fourier methods, multigrid methods, Green's function methods, and methods that extend it into polynomials. Here, we adopt the Fourier method for solving this equation. This method can be applied in two cases: one where the light field intensity distribution is uniform, and another where it is non-uniform. Clearly, for the speckle field of MMF, the intensity distribution is non-uniform. Paganin et al. extended the Fourier method by introducing auxiliary functions into the equation solving process. The phase obtained from this solution is as follows:


Where,



 and  represent the coordinates in the frequency domain.

In equation (), there is the term for the axial derivative of intensity. Typically, the axial derivative of intensity is approximated using the finite difference method.



Where ​ is the propagation distance of the speckle field,  and  are the intensity distributions at the recording planes  and , respectively, and  is the distance between the two recording planes.

In the experiment, we mounted the camera at the fiber output end onto a nanometer displacement stage. At a distance of 4.8 mm from the fiber end face, with a 10 nm movement interval, we recorded two speckle light fields. After cropping and processing, the two speckle patterns are shown in Fig. S3a and Fig. S3b.

Using these two speckle intensity distribution patterns at different propagation distances and the TIE, we calculated the phase distribution of the speckle field near 4.8 mm, as shown in Fig. S3d. Taking the gradient of the phase, , we obtain the magnitude (Fig. S3e) and direction distribution (Fig. S3f) of the phase field gradient.

It can be observed that the phase field exhibits rapid gradient changes. Based on the magnification of the optical path and the diameter of the optical fiber output face, it can be calculated that the size of the phase rapid variation patterns is approximately 300 nm. What we want to note is that further improvements in camera resolution and optical path magnification can allow the observation of even smaller rapid variation patterns (Ref 33). The superoscillation phenomenon in multi-mode fiber speckle demonstrates the capability of multi-mode fibers for nano-displacement measurements and holds potential for super-diffraction-limit imaging and metrology.

[bookmark: _Toc188803985]Supplementary Note 3. Architecture of Neural Network and Computing Configuration

The diffuse speckle field, which is compressed into 128×128 pixels, is fed into the VGG displacement recognition network. First, it passes through a 3×3 convolutional layer, followed by a hyperbolic tangent activation layer and a 2×2 maximum pooling layer. This setup is iterated, doubling the channel depth from 32 successively to 256. The same kernel size, activation, and pooling are maintained at each step. The output is then flattened and fed into a fully connected (FC) layer of size 1×16384. The tanh activation function is applied. The two subsequent FC layers progressively reduce the number of elements from 16384 to the number of displacement samples (N). The specific network architecture is shown in Fig. S4a. The model is trained with 50 epochs, Adam is chosen as the optimizer, and the learning rate is set to 1 × 10-3.

The inverse transmission matrix (ITM) optimization network is trained for image reconstruction. Since the transmission matrix is a complex matrix and the speckle field acquired by the camera is a real intensity field. The square root of the acquired speckles I (intensity data) is extracted as the input X (amplitude data) to the model. The imaginary part of the matrix needs to be filled with 0. Then, we initialize the inverse transfer matrix by the “Glorot Uniform” method2. Then multiply it with the speckle matrix. The modulo square of the resulting matrix from the multiplication is the vector of the reconstructed image. By solving the cosine similarity of the reconstructed image and the real image, the inverse transmission matrix is further optimized. The specific network architecture is shown in Fig. S4b. The model is trained with 105 epochs, Adam is chosen as the optimizer, the batch size is set to 36, and the learning rate is set to 1 × 10-5.

The ImageNet dataset used in the experiments are cropped square natural scene grayscale images3. In the displacement detection experiments, we collect 4000 sets of patterns at each displacement, dividing 70% of them into a training set, 10% into a validation set, and 20% into a test set. In the imaging experiments, at each displacement we collect 8000 sets of image-speckle pairs, dividing 7200 of them into a training set, 400 into a validation set, and 400 into a test set. The results shown in the manuscript and supplementary material are selected from the test set output. We train the data on the Colab platform4 provided by Google. The graphics cards used are T4 and A100.

[bookmark: _Toc188803986]Supplementary Note 4. Resolution and range of displacement detection 

To further validate the capability of nano-displacement detection of our system, we designed a series of experiments. We use a nano-electric displacement stage (COREMORROW, P18.X300S & New focus, Model 8751-C) employing an intelligent pico-motor driver for closed-loop pico-motor to control small displacements of the DMD. Fig. S5 shows the experimental setup at the probe end. First, we test the accuracy of displacement detection at different intervals with New focus’s nano-electric displacement stage, specifically at 508nm, 0.01mm, 0.05mm, and 0.2mm. To eliminate potential confounding variables besides distance, the experimental environment and the parameters of data analysis are strictly controlled. We standardized the series of experiments with a uniform set of ground truth images. The average intensities of speckle fields at different positions remain consistent. 

[bookmark: _Hlk174026334]The output speckle corresponding to the input image is captured and the input image is repeated 5 times for 5 displacements at each resolution (for instance, displacement of 0mm, 0.01mm, 0.02mm, 0.03mm, and 0.04mm for the 0.01mm resolution). Laser power also needs to be adjusted, in order that the maximum grey value at the center of the speckle is consistent at different positions. To avoid introducing biases during image processing, all speckle images were processed at fixed radius and size before they are input into VGG network, all parameters of which remain consistent. With a displacement interval of 508 nm, our network is still able to achieve 100% detection accuracy.

Further, we replace the displacement stage carrying the probe target with COREMORROW, P18.X300S to verify the nano-displacement detection capability of the proposed system. Using this high-precision displacement stage, we tested the displacement detection capability of the system in closed-loop mode at 100 nm and 10 nm resolutions. The entire test system is placed on an optical vibration isolation platform. The whole system realizes automated acquisition to ensure that there is no human interference. Fig. S6 demonstrates the displacement detection results at different resolutions. It can be seen that even at a displacement of 10 nm, the average accuracy of displacement recognition can still reach 99.27%. To highlight smaller values, we changed the color mapping relationship.

In order to verify the practical applicability of the system and to overcome the round-trip vibration of the target, we conducted validation experiments at a displacement resolution of 100 nm. Specifically, we moved the displacement stage from 0-400 nm at a displacement interval of 100 nm and collected 4000 sets of speckles at each displacement position. After that, we reversed the displacement stage and retreated from 400 nm to 0 nm. Similarly, 4000 sets of speckles were collected at 100 nm intervals. Since the return accuracy of the displacement stage cannot reach 10 nm, we performed the return experiments at 100 nm resolution. Fig. 3e in the manuscript shows the results of the backward experiment at 100 nm resolution, where the displacement recognition accuracy can reach 99.39%.

Regarding the range of the system, we first tested the system using a mechanical displacement stage. Specifically, we mounted the DMD on the mechanical displacement stage and collected data at different displacements at 0.5 mm intervals. Similarly, 4000 sets of speckles were collected at each position. 100% displacement recognition accuracy is achieved. It is proved that the proposed system can detect in the range of 2mm. Then we collected 16 and 20 groups of data at 508nm and 10nm, respectively. The processing capability of the network for more sampling points has been verified. Fig. S7b and Fig. S7c show the confusion matrices for these two experiments. The displacement recognition accuracy can reach 99.88% and 98.42% for the two experimental configurations, respectively. Additionally, although neural network-based methods generally require large amounts of data and training costs, our approach achieves an accuracy of 95.48% using just 100 speckles per group as the training set. Fig. S7d and S7e presents the probability statistics of each sampled group under the correct displacement label with 500 datasets and 100 datasets. For higher sampling densities and ranges, higher configurations of computing devices may be required to meet the memory requirements. Alternatively, high accuracy and large range displacement detection can be achieved by compressing the samples to reduce the memory requirements.

[bookmark: _Toc188803987]Supplementary Note 5. Displacement detection of optical fibers in different bending states 

In semiconductor equipment displacement monitoring and minimally invasive surgeries, optical fiber probes are often required to pass through narrow gaps or cavities to reach the target location for in-situ measurements, without the need to dismantle the mechanical casing. To address this, we conducted experiments on displacement detection using multi-mode fibers in different bending states to verify their resistance to bending.

Specifically, we changed the bending radius of the optical fiber probe at a distance of approximately 20 cm from the fiber-end-ball. Under three bending radii of 5 cm, 7.5 cm, and 10 cm, we collected speckle fields corresponding to 4000 ImageNet patterns refreshed at displacement of 0 nm, 10 nm, 20 nm, 30 nm, and 40 nm. In total, 15 data sets were collected.

First, we verified that the optical fiber can detect displacement under different independent bending radii. We input the data from five displacements at the same bending radius into the VGG network for training. After shuffling the speckle dataset, 70% was used as the training set, 10% as the validation set, and 20% as the test set. Fig. S8a-c show the loss function curves, accuracy curves, and confusion matrices for the bending states of 5 cm, 7.5 cm, and 10 cm. It can be seen that under separate training, the displacement recognition accuracy for the three states can reach 99.95%, 99.98%, and 99.65%, respectively.

Next, we mixed the data from the three states and applied the joint learning method to attempt to achieve bending resistance. Specifically, the data corresponding to the same displacement value for three bending radii were mixed and shuffled, and then input into the VGG network for training. The resulting confusion matrix, shown in Fig. 4d of the manuscript, indicates that the displacement recognition accuracy reached 99.73%. This demonstrates that the system is capable of performing displacement recognition under different bending states.

[bookmark: _Toc188803988]Supplementary Note 6. Displacement detection and material recognition of different metal materials 

To demonstrate the detection capability of the proposed multi-mode fiber system for different materials, we conducted displacement recognition experiments with plates made of red copper, brass, aluminum, and stainless steel, mounted on the nanometer displacement platform.

Specifically, we first cleaned the metal plates with alcohol and then fixed them onto the nano-electronic displacement stage. The plates were moved in the range of 0-400 nm with 100 nm intervals. At each position, 500 speckles were collected. To simulate potential vibrations during actual measurements, after the displacement stage reached 400 nm, we controlled it to move in reverse with the same 100 nm displacement interval, bringing the stage back to 0 nm. We then mixed the forward and backward displacement data for the same displacements and input the data into the VGG displacement recognition network for training. The displacement recognition accuracy for red copper, brass, aluminum, and stainless steel materials all reached 100%. Fig. S9a-c show the training loss function curves, recognition accuracy curves, and confusion matrices for red copper, brass, aluminum, and stainless steel.

Building on this, we mixed the data from the four materials for the same displacement value and applied the joint learning method to test the system's resistance to different materials. The resulting confusion matrix, shown in Fig. 4f of the manuscript, indicates that the displacement recognition accuracy remained at 100%. This proves that the system is capable of performing displacement detection across different materials. Fig. S9d shows the joint learning loss function curves, recognition accuracy curves, and confusion matrix for different metals.

During the experiment, we observed that the speckle field responded differently to different metal materials at the same displacement. This inspired us to explore the possibility of using the speckle field to identify the material of the detected target. Using the data collected above, we modified the mixing approach. Specifically, we mixed the data from different metal materials for the same displacement value and input the mixed data into the VGG network for training, attempting to perform material identification. Fig. S9e shows the training loss function curves, recognition accuracy curves, and confusion matrix for material identification. We found that the recognition accuracy also reached 100%, demonstrating that the multi-mode fiber speckle detection scheme has a high level of accuracy in identifying the material of the detected target. We believe this is of significant importance for optical fiber probes in searching for effective regions and recovering high-dimensional information.

[bookmark: _Toc188803989]Supplementary Note 7. Compressed sampling of speckles for displacement detection and image reconstruction

[bookmark: _Hlk174026360]To verify the feasibility of compress sampling in displacement detection, specifically, we extracted five regions with different sizes, named S1-S5, from the upper left 1/4 region of the entire speckle field at 508nm resolution, as shown in Fig. S10a and S10c. These five sets of compressive sampled speckles are separately fed into the VGG network for displacement recognition. 100% accuracy is achieved for all five sample-size partial speckles. To explore the relationship between sampling location and detection accuracy, the speckle images are further compressed into 5 different regions. Four corners are combined each time to form five sets of sampled regions named C1-C5. The sampling and processing process is shown in Fig. S10a and S10b. To exclude other factors interfering, the sampled data is compressed into images of 128×128 size. The accuracy remains at 100%. Fig. S10d illustrates the results of positioning with a resolution of 0.01 mm using the compressed sampled diffuse speckle field. Our system shows great robustness across all compressive sampled speckles. For different regions, the classification accuracy all converges at 100% after 5 epochs, while C1 sampling exhibits the highest convergence rate. The results perfectly match the conclusions in the manuscript. We also tested the compressed sampling results at the 508nm resolution. Fig. 5b and Fig. 5c are confusion matrices of the C1a and C5a sampling regions further compressed to 4×4 pixel size at 508 nm resolution in the range of 0-2032 nm, respectively. Average detection accuracy of 92% and 73%, respectively.

To further explore the compressed sampling limit for positioning, we divide the speckle into 20×20 small squares (see Fig. S10e). We utilized one part located on the diagonal for distance detection, labeled C1a’. The cropped C1a’ is compressed to 4×4 pixels. Fig. S10f shows its positioning result. It is observed that, even after cropping and compressing the data to approximately 0.28‰ of mode number, a positioning accuracy of 93.1% is still achieved. Fig. S10g shows the positioning results of C10a’, which is at the periphery. Compared to the center region, the positioning ability of the sampled speckles at the periphery is reduced. But it still has an accuracy exceeding 90%. Fig. S10h and Fig. S10i present the confusion matrix of C1a’ region further compressed to 3×3 and 2×2 pixels, respectively. At this level of compression, the positioning accuracy decreases significantly. The C1a’ region with 2×2 pixels has an accuracy of only 65.4%.

On the other hand, the number of pixels in the speckle image is directly related to the number of layers and parameters of the neural network and the number of elements to be optimized in the inverse transfer matrix. Consequently, employing small-size speckle fields imaging contributes to enhancing the computational speed of image reconstruction and reducing hardware configuration requirements.

To find highly informative sampling regions with little computed pixels, different sampling methods are experimented with to explore the image reconstruction capabilities of compressive sampled speckles. The size of the sampled speckle and the sampling position are varied to find the optimal sampling approach. Specifically, we extracted five sets of compressive sampled speckles at S1-S5 regions(see Fig. S10a and S10c) are separately fed into the inverse transmission matrix optimization network for image reconstruction. Fig. S11a demonstrates the image reconstruction results for the five regions of speckles from S1-S5. It is obvious that the reconstruction quality improves as the speckle range increases. However, this relationship is not linear. As can be seen from the blue curve in Fig. S11b, the growth rate of structural similarity slows down as the area increases. A reconstruction result with structural similarity (SSIM) of more than 0.45 can be achieved using the region S3 with only 9% of the full area of the speckle field.

On this basis, the relationship between sampling location and imaging quality is explored. We extract the C1-C5 regions(see Fig. S10a and S10b). To exclude other factors interfering, the sampled data is recompressed into images of 128×128 size. The reconstruction results are shown in Fig. S11b. From the reconstruction results and the red curve in Fig. S11c, it can be seen that there is a discrepancy in the information-bearing density of the speckle region at different locations. The SSIM of the reconstructed image increases and then decreases with increasing radius, and reaches the maximum near the C2-C3 region. In order to verify the credibility of the results, we conducted repeated experiments. The results of repeated experiments form the fluctuations in the error band around the red solid line in Fig. S11c. In addition, we fed single 1/4 corners, C1a-C5a, into the network for training. The results obtained are shown in the yellow curve in Fig. S11c, demonstrating a similar trend of change.

From the Fig. S11, there is a discrepancy in the information-bearing density of the speckle region at different locations. The SSIM of the reconstructed image increases and then decreases with increasing radius, and reaches the maximum near the C2-C3 region. These results are due to a combination of factors such as speckle size, number of mode orders contained, and signal light intensity. The closer to the center of the speckle field, the scattering spots in the speckle have a larger size. And less information is contained in sampled regions with the same sample size. At the same time, the low-order modes are mainly concentrated at the center region, while the high-order modes that respond to the image details are mainly distributed at the periphery. Conversely, when the sampling region is located at a radius that is too large, the intensity of speckles diminishes. The total number of combined modes is reduced, and the signal-to-noise ratio is low.

To sum up, we have realized the recovery of the whole image using partial speckles, and further explored the relationship between sampled speckle location and information capacity. This has two advantages: Firstly, if we keep the same number of sampled pixels as the original, we can increase the spatial sampling rate of the speckle, so as to obtain more detailed scattering information, which can help to improve the quality of image reproduction. Secondly, the scattering sampling can compress the data significantly, which can save the computational cost of the network and improve the computational speed. The saved computational cost can be used to improve the resolution of the reconstructed image.

[bookmark: _Toc188803990]Supplementary Note 8. Integrated System Architecture 

To reduce the probe size and improve the portability and implantability of the system, we integrated the optical path structure of the multi-mode fiber displacement detection system. Specifically, we used a side-coupler to integrate the illumination path and detection path. Illumination light is coupled into the multi-mode fiber probe through an illumination fiber, with most of the illumination light field propagating through the cladding of the multi-mode fiber. To homogenize the collimated illumination field, we fused a fiber-end-ball at the fiber probe's detection facet. The fiber-end-ball serves as a substitute for the traditional lens set, further reducing the probe size. After the light field is output from the fiber-end-ball, it illuminates the target and is reflected. The light field carrying displacement information is then received again by the fiber-end-ball, propagated back through the multi-mode fiber, and finally detected by the CMOS sensor. The entire system does not contain any discrete optical components, achieving a highly integrated and all-fiber structure. The structure of the whole system is shown in Fig. S12.

[bookmark: _Toc188803991]8.1 Detection through the slit

In order to verify the detection ability of the fiber probe in a narrow space, we inserted the fiber into a capillary glass tube and detected the wafer. As shown in Fig. S13, the fiber optic probe can be easily inserted into a glass tube cavity channel with an inner diameter of 1.1 mm and the output speckle is obtained normally, which proves the detecting ability of the system in a narrow slit or cavity.

[bookmark: _Toc188803992]8.2 Lens-free displacement detecting and imaging

Existing speckle-based image transmission systems within step-index MMF waveguides rely on the fiber proximal facet projected on a camera. Reconstruction algorithms are realized by demodulating the output focused speckle field on the facet. However, in the above we have demonstrated that it is possible to use diffuse scattering speckle fields or even partial scattering fields for displacement detection and reconstruction of the full field of view of the input image, even though the preprocessing crops and loses some of the speckle information. This is feasible because when the light field passes through a strong scattering medium, the randomness and anisotropy of the medium perturbate the light in an irregular manner, making not all of the output speckle information essentially needed to reconstruct the input image at the distal end of the MMF. In fact, when the length of a MMF is much larger than the scattering distance and the radius of the fiber cross-section, the light field at any point of the output speckle field is related to the light field intensity information(image) and phase information(displacement information) at all points of the input field.



where  is the output scattered field intensity distribution,  is the input plane light field distribution,  is the superposition factor of the light field  at  of the input plane on the scattering field at  of the output plane.

The mapping relationship between input and output can be found by solving the superposition factor. Therefore, it is not necessary to use all the output speckle field parameters, but it is generally required that the number of speckle pixels is greater than the total number of pixels of the input image. This characteristic of speckles similar to holographic plates provides a theoretical basis for lensless multimode fiber displacement detection and image reconstruction.

[bookmark: _Toc188803993]8.3 Optimization of the air layer thickness 

Due to the removal of all lenses, there is an air layer between the fiber output facet and the CMOS sensing surface. The air layer thickness is a critical factor affecting the accuracy of reconstructed images. When light propagates through an air layer, it is multiplied by a transfer function in the frequency domain, resulting in changes to the transmission matrix, thereby affecting the imaging results. On the other hand, this thickness also affects the area occupied by the overall diffuse speckle and the average size of the scattering spot. If the thickness is too large, the received higher-order mode speckles intensity is weakened and the signal-to-noise ratio is reduced; if the thickness is too small, the limitation of the sensor size averages the speckles intensity and causes the loss of effective information5. The thickness of the air layer in the experiment is about 4.8 mm.

Different air layer thicknesses are tested separately. As the thickness decreases, the intensity of the speckles received on the detector increases and the diffuse speckles gradually converge. The image reconstruction results also showed an upward trend. However, if the thickness is further reduced, the scattering spot size and the spacing between neighboring scattering spots will further decrease. When the size of the scattering spot irradiating onto the sensor is smaller than the sensor pixel size, this means that the intensity received by a single sensor pixel will be the average of multiple spots. We consider this to be a degradation of image quality. 

Specifically, to obtain the best experimental results, the detected distance between the DMD and the fiber-end-ball is fixed while changing the thickness between the fiber facet and the sensor. When reducing the thickness, we appropriately lowered the laser power to ensure that the maximum grey value at the center of the speckle could reach 200 and the sensor will not be overexposed. The exposure time is uniformly set to 50,000 μs. Due to the limitation of the protective window in front of the sensor, the minimum thickness in the experiment is 4.8mm. The thickness is changed from 4.8mm to 7.8mm with an interval of 1mm, and the corresponding laser powers are 5mW, 6mW, 7.5mW, and 8mW. The results are shown in Fig. S14. It can be seen from the results that as the air thickness increases, the imaging quality deteriorates. However, if the thickness is reduced to a certain value, the imaging quality may also be degraded due to the relationship between the speckle size and the sensor pixel size.

For the multimode fiber used in this experiment, the diameter of most of the scattering spots at the output facet is about 0.5-4.5 μm. The pixel size of the sensor is 3.45 μm. Therefore, in the future, if sensors are integrated onto the multimode fiber facet without an air layer, a sensing chip with much smaller pixels will be necessary.

[bookmark: _Toc188803994]8.4 Comparison of the proposed lensless system with the conventional multimode system 

In conventional optical imaging systems, lens-like discrete optical elements are present between the imaged object and the detector device. We experimentally compared the proposed system with the conventional lensed system under the same fiber type and system configuration. 

For displacement detection ability comparison, the acquired facet speckle images and the diffuse speckle field are put into the VGG network with the same parameters. Specifically, we input 40,000 images from the grayscale ImageNet dataset at five different displacements into the two systems, each displacement corresponding to 8,000 images. The networks are trained for 50 epochs. The acquired facet speckle images and the diffuse speckle field are put into the VGG network with the same parameters. The loss accuracy curves for the training and validation sets are shown in Fig. S15b. The average positioning accuracy of the lens system is 82% and that of the lensless system reaches 100%. The normalized confusion matrix is shown in Fig. S15a. We consider that the superiority of the lensless system in displacement detection is brought by the increased differentiation of the speckles at different displacements. In the simulation results of Fig. 2, the displacement of the target mainly leads to the change in the percentage of high-order modes. These high-order modes with large divergence angles occupy a larger distribution area in the diffuse speckle field instead of being confined within the fiber core.

For image reconstruction ability comparison, the two systems acquire the same 8000 sets of ImageNet data, including 7200 sets for training, 400 sets for validation, 400 sets for test. The two systems underwent 100 iterations using identical hardware and network configurations. The image reconstruction results of their test sets are shown in Fig. S15c. After the same 100 iterations, the SSIM of the reconstructed images of the test set for the lens system is 0.583, and that of the lensless system is 0.623. For comparison, the top and bottom recovered images of each set of pictures also show that the image reconstruction results of the lensless system have reached or even outperformed those of the lens system. This may be attributed to the cropping method of the lensed system results in a black background in the four corners of the speckle field that lacks information, as well as the enhanced stability of the system achieved by the removal of the discrete lens.

[bookmark: _Toc188803995]Supplementary Note 9. Reconstruction from Frequency Spectrum of the Diffuse Speckle Field

Whether the imaging system uses a multi-core fiber bundle or a multi-mode fiber, an objective lens is placed at the output end of the fiber to receive the output light field. Conventional lenses can eliminate the quadratic phase factor of Fresnel diffraction, and the modulation can be viewed as a Fourier transform6, which is equivalent to taking a Fourier transform. For further comparison with the lens system, we performed a Fourier transform of the output diffuse speckle field. The frequency domain magnitude field is fed into the inverse transmission matrix optimization network for training. Fig. S16 above shows the corresponding frequency domain magnitude fields of the diffuse speckle fields and the reconstructed images from them. The average structural similarity of the results is 0.42. Image reconstruction is available, but imaging quality is limited. This is due to the absence of the phase field and the loss of spectral information caused by the cropping of the diffuse speckle field.

[bookmark: _Toc188803996]Supplementary Note 10. Optimizing imaging quality with the Displacement-Inverse Transmission Matrix Library（DITML） 

The lensless system can generate reconstruction results for different displacements. In fact, targets with different displacements should correspond to different transmission matrixes. And for diffuse speckles with a large degree of variation at different displacements, joint learning6 is no longer applicable. In practical applications such as endoscopy or industrial inspection, it is difficult to ensure that the transmission matrix for practical use matches the test transmission matrix. The proposed system, leveraging positioning capabilities with an accuracy approaching 100%, selects the most suitable transmission matrix for reconstruction, significantly enhancing the quality of imaging. The overall detection flow of the lensless system is shown in Fig. S17. First, the objects are placed at different displacements, and the system is sequentially trained using the inverse transmission matrix network to obtain the corresponding transmission matrices at different displacements to form a matrix library. Next, when the system actually detects an object, the captured diffuse speckle is first put into the VGG network for positioning. After obtaining the specific displacement, the corresponding transmission matrix is called from the labeled DITML for imaging.

[bookmark: _Toc188803997]Supplementary Note 11. 3D micro cross-section reconstruction by diffuse speckles

Despite breakthroughs that have been made in the transmission of flat images via a single MMF, for practical applications such as ultra-thin endoscopy and industrial inspection, the tissue or mechanical structure being measured is often uneven.

The left side of Fig. S18a illustrates the displacement detection by the MMF probe. By feeding the captured diffuse speckle into the VGG network and the inverse transmission matrix optimization network, respectively, the system not only senses where it is located, but also reconstructs the image behind the other end of the MMF. Fig. S18b shows the detection and reconstruction results of the images at five different displacements with 0.5mm resolution. After no more than 10 epochs, the positioning accuracy can be above to 99%. Displacement measurements with a resolution of up to 10 nm.

Incorporating positioning capabilities into the single multimode fiber imaging system can significantly enhance its functionality and applicability. The high spatial resolution not only improves image reconstruction quality, but also facilitates micro 3D structures imaging. Micro 3D structure reconstruction in deep and narrow environments requires not only precision positioning, but also a robust performance of image reconstruction throughout the overall detection depth of field. As shown on the right side of Fig. S18a, we intercept the isometric cross-sectional view of the 3D heart-shaped structure and load them onto the DMD, placing them sequentially at different displacements. The output diffuse speckles corresponding to different cross-sections are captured. And the contours at different positions of the 3D micro-structure are realized to reconstruct. Fig. S18c illustrates the reconstruction results of the microscale 3D heart-shaped structure at 10 μm intervals for the 5 cross-sectional views from 0-40 μm. The patterns of speckle fields produced by a micro 3D object vary according to the distance between its surface and the probe, which is the fiber-end-ball in our setting. For every speckle field generated from an unknown position, the displacement can be recognized through VGG network. And then the image can be reconstructed by retrieving the corresponding transmission matrix. Therefore, the process of capturing the speckle fields, positioning by VGG network, retrieving the transmission matrixes, and reconstructing the distorted cross-section views can iterate many times until a micro 3D structure of the entire detection area is reconstructed.

The system was experimented with for the detection and reconstruction of simple 3D structures such as spheres, cylinders, cones, tetrahedrons, rings, hearts, and stars. The micro 3D cross section projected on the DMD as the input image changes with the distance between the probe and the micro 3D object, simulating the process of scanning through a micro 3D object in reality. The input cross-section images and the reconstructed images are given in Fig. S19. Our system steadily presents good detection and imaging results on these different micro 3D structures. Further reducing the interval distance and increasing the number of samplings, the proposed system has the potential for three-dimensional reconstruction.

Due to limitations in the experimental platform and materials, this is only a preliminary attempt at the feasibility of micro 3D imaging. Nevertheless, such excellent reconstruction results convince us that the proposed lensless speckle imaging method has a promising application in the field of micro 3D structure reconstruction in narrow and extreme environments.



[bookmark: _Toc188803998]Supplementary Figures
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[bookmark: _Hlk174026489]Fig. S1. Simulation architecture for optical field evolution of multimode fiber probes. Simulated target structure is transformed into a large number of transverse modes by free-space transmission, end-ball transfer, and mode decomposition. U1: Simulated target structure by DMD modulation; U2: Light field after free-space transmission; U3: Light field after fiber-end-ball transformation; U4: Light field at the input facet of the MMF.
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Fig. S2. Simulation results of the physical model at different displacements (z=0mm, z=10mm, z=20mm, z=30mm). a, e, i, m, Light Field at input facet(U4); b, f, j, n, Recombination of the first 1000 patterns; c, g, k, o, Percentage of the intensity of different modes; d, h, l, p, Decomposition coefficients of different modes.
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Fig. S3. Superoscillation in speckle patterns of multimode fiber. a, b, The speckle patterns captured at 4.8 mm and 4.8mm+10nm from the fiber end face; c, The differential result of the two speckle patterns; d, The phase distribution of the speckle field near 4.8 mm; e, f, The magnitude and direction distribution of the phase field gradient.
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[bookmark: _Hlk174026553][bookmark: _Hlk174026540]Fig. S4. Architecture of Neural Network. a, The architecture of VGG displacement recognition network. b, The architecture of inverse transmission matrix optimization network for image reconstruction.
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Fig. S5. Experimental setup for high-precision displacement detection experiments.
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Fig. S6. Detection results of the proposed system at different displacement resolutions.      a, Confusion matrix for displacement detection by multimode fiber system at 0.2 mm resolution. b, Confusion matrix for displacement detection by multimode fiber system at 0.05 mm resolution. c, Confusion matrix for displacement detection by multimode fiber system at 0.01 mm resolution. d, Confusion matrix for displacement detection by multimode fiber system at 508 nm resolution. e, Confusion matrix for displacement detection by multimode fiber system at 100nm resolution.  f, Confusion matrix for displacement detection by multimode fiber system at 10 nm resolution.


[image: ]
Fig. S7. Experimental results of system range. a, Confusion matrix of multimode fiber system for displacement detection in 0-2 mm range. b, Displacement detection confusion matrix for the multi-mode fiber system with 16 sets of sampling points at 508 nm resolution. c, Displacement detection confusion matrix for the multi-mode fiber system with 20 sets of sampling points at 10 nm resolution. d, Box plots of the probability distribution of correct recognition on each displacement for the network trained with 500 datasets per displacement. e, Box plots of the probability distribution of correct recognition on each displacement for the network trained with 100 datasets per displacement.
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Fig. S8. Experimental results of multimode fiber system under different bending states. a, The loss function curves for the bending states of 5 cm, 7.5 cm, and 10 cm. b, Accuracy curves for the bending states of 5 cm, 7.5 cm, and 10 cm. c, Confusion matrices for the bending states of 5 cm, 7.5 cm, and 10 cm.
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Fig. S9. Experimental results of displacement detection and material identification of different metal materials. a, The loss function curves, b, accuracy curves, and c, confusion matrices for red copper, brass, aluminum, and stainless steel at 100 nm resolution. d, The loss function curves, accuracy curves, and confusion matrices for joint learning the four different metals. e, The training loss function curves, recognition accuracy curves, and confusion matrix for material identification.
[image: ]
Fig. S10. Compressed sampling speckles for displacement detection. a-c, Different compressed sampling and combination approaches. d, The results of displacement detection with a resolution of 0.01 mm using the compressed sampled diffuse speckle field of C1-C5 regions. e, Further reduce the sampling area according to the C-type sampling method. Split the upper left quarter of the speckle field into 10×10 small squares and take one of them on the diagonal for training. f, g, Confusion matrices for distance detection of the sampled C1a’ and C10a’ regions, each compressed to a 4×4-pixel size, respectively. h, i, Confusion matrices for distance detection of the sampled C1a’ compressed to 3×3-pixel and 2×2-pixel size, respectively.
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Fig. S11. Compressed sampling speckles for image reconstruction. a, Image reconstruction results for S1-S5 compressive sampled speckles. b, Image reconstruction results for C1-C5 compressive sampled speckles. c, Reconstructed structural sismilarity curves through C-type sampling, S-type sampling, and 1/4C-type sampling of speckles. The scatter is the actual results, the curves are the fitting results, and the shaded areas are the error bands obtained after several repetitions of the experiment. Red and yellow results correspond to the left axis, blue results correspond to the right axis. The accuracy curves for different compressed sampling regions indicate that different information capacities are included.
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Fig. S12. Structure of the experimental system for nano-displacement detection with multimode fiber. The illumination light from the laser(Connet, CoSF-D-YB-M-1064-PM-FA) is transmitted along the illumination fiber(YOFC, 135/155 0.22/0.46NA). It is injected into the cladding of the multimode fiber through a side-coupler(Lasfiberio, MPSC-2-F-M15/LD330-LD330-P257-1m). In order to increase the detection area, the front end of the multimode fiber is fused to a section of large size triple clad fiber(Nufern, BD-S200/230/660-STN). The probe end of the fiber optic probe is fused with a fiber-end-ball, which homogenizes and collimates the illumination field. The illumination is directed onto a wafer(SMIC), DMD(Texas Instruments, DLP LightCrafter 4500), or other detected target. The detected target is loaded on a nano electric displacement stage(COREMORROW, P18.X300S & New focus, Model 8751-C). The reflected light carries displacement information that is recollected by the fiber-end-ball. The signal light travels backwards along the multimode fiber(Nufern, LMA-GDF-30/250-M) and is ultimately received by the CMOS photoreceptor(Sony, 1/1.8" IMX252 Global shutter CMOS). To further increase the integration of the system, there is no lens or objective between the fiber output end face and the CMOS sensor, only an air layer. The entire optical path is highly integrated without any discrete optical components. The system is fully integrated with special fiber optic devices to achieve all-fiber structure.

[image: ]
Fig. S13. Micrograph of the multimode fiber probe inserted into a capillary glass tube.
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Fig. S14. Diffuse speckles and image reconstruction results of different air layer thicknesses. Schematic diagram of the output end of the MMF, the acquired diffuse speckle field, and the reconstruction results of images with thicknesses of (a) 4.8mm, (b) 5.8mm, (c) 6.8mm, and (d) 7.8mm.
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Fig. S15. Comparison of the proposed lensless system with the conventional lens system. a, Distance detection confusion matrix of the lens system. b, Accuracy curves and loss curves of the train set and the validation set. c, The image reconstruction results of the proposed system and the conventional lens system.
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[bookmark: _Hlk174026657]Fig. S16. The frequency-domain amplitude spectrum corresponding to the diffuse speckle field and the reconstruction results from the Fourier spectrum.
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Fig. S17. The overall process of displacement detection and image reconstruction by integrating the VGG displacement recognition network and inverse transmission matrix optimization network.
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Fig. S18. Positioning and 3D micro structural cross-section reconstruction results. a, Schematic concept of positioning and 3D micro structural cross-section reconstruction. b, Positioning results at 0 mm, 0.5 mm, 1 mm, 1.5 mm, 2 mm and the corresponding reconstruction results. c, Results of cross-section reconstruction of heart-shaped three-dimensional structures.
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Fig. S19. The results of the detection and reconstruction of simple three-dimensional structures performed by the system. Diffuse speckle fields and reconstructed images resulted from probing cross sections of simple three-dimensional structures such as (a) sphere, (b) cylinder, (c) cone, (d) tetrahedron, (e) ring, (f) heart, and (g) star.
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[bookmark: _Toc188804000]Table S1. Results of the simulated normalized modes coefficient indicate
	Distance/mm
	0
	5
	10
	15
	20
	25
	30
	35
	40

	
	24.33
	22.32
	18.22
	17.33
	18.31
	15.83
	11.45
	9.99
	10.14





[bookmark: _Toc188804001]Supplementary Movie Notes

Movie S1. Multimode fiber output speckle field varies in real time with wafer displacement. The microscope captures the scene of a wafer detected by the multimode fiber optic probe and the real-time variation of the output speckles captured by a CMOS sensor at displacement resolution of 50 µm, and 10 nm.

Movie S2. Flow of Displacement Detection and Image Reconstruction Using DITML. The process of constructing the Displacement-Inverse Transmission Matrix Library and applying it to the optimization of image transmission quality.
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