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CConv2d [64,32,64,64,2]
ClLeakRelLU [64,32,64,64,2]
CConvad [64,32,64,64,2]
CLeakReLU [64,32,64,64,2]
CMaxPool2d [64,32,32,32,2]
CConv2d [64,64,32,32,2]
ClLeakRelLU [64,64,32,32,2]
CConv2d [64,64,32,32,2]
ClLeakReLU [64,64,32,32,2]
CMaxPool2d [64,64,16,16,2]
CConv2d [64,128,16,16,2]
CLeakReLU [64,128,16,16,2]
CConv2d [64,128,16,16,2]
ClLeakRelLU [64,128,16,16,2]
CMaxPool2d [64,128,8,8,2]
CConv2d [64,256,8,8,2]
ClLeakReLU [64,256,8,8,2]
CConvTrans2d [64,128,16,16,2]
CConv2d [64,128,16,16,2]
CLeakReLU [64,128,16,16,2]
CConv2d [64,128,16,16,2]
ClLeakRelLU [64,128,16,16,2]
CConvTrans2d [64,64,32,32,2]
CConv2d [64,64,32,32,2]
ClLeakRelLU [64,64,32,32,2]
CConv2d [64,64,32,32,2]
ClLeakReLU [64,64,32,32,2]
CConvTrans2d [64,32,64,64,2]
CConvad [64,1,64,64,2]

SUPPLEMENTARY NOTE 1: Complex-valued CNN architecture

Supplementary Table 1 Complex-valued CNN architecture. The size of input is [64,1,64,64,2], where the first
dimension represents the batch size, the second dimension represents the coherent diffraction pattern’s intensity
channel, the third and fourth dimension represent the heigh and width of image, and the last dimension represents the
real and imaginary part. We first down sample the input from 64 x 64 to 8 x 8 using encoder and then up-sample to

original size using decoder.
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SUPPLEMENTARY NOTE 2: Complex-valued Convolution and Activation Function

We first introduce the complex convolutional operation. Let I = I, + il;, as a complex-valued
input, where I, and I; are the real and imaginary part of I. Given a complex-valued convolutional
filter k = k,. + ik;, the complex-valued convolutional operation on a complex-valued input and a

complex-valued filter can be described as follows:
Ik = (Ir + lIl) * (kr + lkl) = (Ir * k.,- - Ii * kl) + l(Ir * ki + Ii * k.,-), (1)

here, we can split a complex-valued convolutional operation into 2 separate real-valued
convolutions (i.e., k., k;), and calculate the output based on the Eq. (1). Similarly, for complex-
valued transpose convolution operation, we can just replace k., and k; as real-valued transpose
convolution operation. The main text Fig. 2(b) illustrates the complex-valued convolutional

operation.

In real-valued neural network, rectified linear unit (ReLU) is the most widely used activation
function. However, for a complex signal, the real or imaginary component could be negative in
some case. Accordingly, we employ Leak ReLU activation function, which has a small slope for
negative values, on both real and imaginary part. The definition of Leak ReLU and complex Leak

ReLU are shown as follows:

LeakyReLU(x) = {negative slope X i: Jcjtie?‘wise, (2)
CLeakyRelLU(z) = LeakyReLU(z,) + i * LeakyReLU(z;), 3)
where z = z,. + z;, and we set negative slope = 0.2.
The definition of complex-valued Max-pooling becomes:
CMaxpool(z) = Maxpool(z,) + i x Maxpool(z;). (4)
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SUPPLEMENTARY NOTE 3: Definition of ¥? error and SSIM

We calculated the y? error for the modulus of the diffraction pattern in reciprocal space defined as:

AN

S ©

where I, is the reconstructed X-ray diffraction intensity and I, is the true or experimental
diffraction intensity.

The SSIM index between image arrays x and y is defined:

(Zuxuy + cl)(Zcxy + cz)

SSIM = ,
(u,% + s + Cl)(O',ZC + 0% + cz)

(6)

where u, and u, denote the pixel sample mean of x and y. o2, af, and oy, represent the variance
of x and variance of y, and covariance of x and y. ¢, and c, are (k,L)? and (k,L)?, respectively,
where L is the dynamic range of pixel-values. We used the default values k; = 0.01 and k, =

0.03.
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Amplitude C Diffraction pattern

Supplementary Figure 1 Synthetic data samples for pre-trained model on the real XFEL experimental data. a
synthetic phase. b synthetic amplitude. ¢ synthetic diffraction pattern. We choose the Gaussian support as the ellipsoid
shape with semi-major 18 and semi-minor 4, and rotation with 28 degrees. As can be seen, the synthetic diffractions
are similar to the real XFEL experimental data, and we use such synthetic data to train a model as the initiation and

continue training on real XFEL experimental data.
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Supplementary Figure 2 2D correlation coefficient heatmaps of real experimental XFEL data. We calculate
correlation coefficient for these 1002 average images and group them into 20 different clusters. The pre-processing
real XEFL data is obtained by averaging each cluster. We first calculate the correlations between 1002 average images

shown in a, and then utilizing the hierarchical clustering method to find hierarchy within the data and ordering the

oso b o
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data in clusters. In specific, we employ the dissimilarity matrix computed by d(x,y) =1 — |px'y|. After computing

the dissimilarity matrix, we can group data hierarchically according to their dissimilarity, we visualize it in b and

obtain 20 different clusters with threshold equal to 0.7.
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Supplementary Figure 3: predicted amplitude and phase in real space for three different real experimental
XFEL test data. a the experimental XFEL diffraction pattern samples. The red rectangle highlights the large value
regions of the b predicted amplitude and the corresponding regions of ¢ predicted phase. We observe the movement
of large value regions in the predicted amplitude, but they are not related in the phase, which indicates that movement

of the beam rather than internal sample fluctuations.



