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Abstract: A learning-based dual alternating direction method of multipliers is proposed 
to solve the phase retrieval problem. Numerical simulations of the coded holographic co-
herent diffraction imaging system show the efficiency of proposed method. 

1. Introduction

In biological imaging, phase information can reveal important properties of the specimens and cells. However,
most biological imaging systems adopt conventional photodectors which can only record the intensity image.
If the actual phase information attached to the captured intensity image is calculated, then the complex-valued
image of interest can be obtained by simply inverting the imaging process [1]. This problem is called phase
retrieval. Conventional phase retrieval methods, such as hybrid input-output algorithm (HIO) [2], rely on simple
shape information as prior knowledge. Since simple image prior may not be sufficient enough to find a proper
solution directly, different initializations are required. Due to these limitations, a learning-based dual alternating
direction method of multipliers (D-ADMM) is proposed to solve the phase retrieval problem. In this method, the
dual problem can help with the solution of the primal problem to avoid some local optimal points. Inspired by
the setup of holographic coherent diffraction imaging (CDI) system [3], we use a learning-based method to find
optimal reference patterns according to the intensity information of the object. The imaging quality can be greatly
improved compared with conventional methods.

2. Learning-based D-ADMM

The principle of CDI can be represented as
yyy = |Axxx|+εεε, (1)

where yyy is the captured image, A is the imaging model, xxx is the latent image and εεε is the additive noise. Phase
retrieval methods are adopted to recover xxx from the measurement yyy.

The missing phase of yyy is critical to this problem. In the noiseless situation, a constraint for xxx is

Axxx = yyy◦ΦΦΦ, (2)

where Φ is the missing phase. Considering the prior knowledge, a regularization function f (xxx) is introduced to
evaluate the recovered image [4]. Then the whole optimization problem is

minimize f (xxx)+ I(ΦΦΦ)

subject to Axxx−yyy◦ΦΦΦ = 0,
(3)

where I(ΦΦΦ) is the unit-circle indicator function. Due to the existence of noise, we need to convert this optimization
problem with hard constraint to a soft one using Lagrange multiplier method

{λ ∗,x∗,Φ∗λ
∗,x∗,Φ∗λ
∗,x∗,Φ∗}= argmax

λλλ

min
xxx,ΦΦΦ

L(xxx,ΦΦΦ,λλλ ), (4)

where L is the Lagrangian and λλλ is the Lagrange multiplier. According to the dual theory, the maximization
problem can be solved by considering the dual problem. Primal problem is related to the minimization problem [5].
In this paper, since both the primal problem and the dual problem are solved by ADMM [6], the whole scheme
is called dual ADMM (D-ADMM). Now the only undetermined part is the regularization function f (xxx). This
function can be determined implicitly by the data-driven approach. To combine the primal and dual iterations,
LSTM block is used as a conjunction between these two processes.
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3. Numerical results

In this paper, we focus on the holographic CDI system, which adopts an additional reference pattern in the con-
ventional CDI system. Conventional holographic CDI system contains a handcrafted pattern in the object plane,
remaining room for better choices. We use a neural network to generate the reference pattern automatically based
on the intensity information of the target object. The system is called coded holographic CDI and its setup is
shown in Fig. 1. The imaging model A in Eq. 1 is specified as a discrete Fourier matrix with proper dimension.
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Fig. 1. Imaging setup of coded holographic CDI.

The data-driven part is a Unet [7], which can learn the prior knowledge and give regularization to the recon-
structed image. PatchCamelyon benchmark [8] is used to generate the training and testing datasets. Phase images
are randomly generated. Then a 4× over-sampled discrete Fourier transform is used as the imaging model. Finally,
10% Gaussian noise is added to the intensity image. The reference pattern is generated by another Unet according
to the intensity information.

Some imaging results are shown in Fig. 2. The generated reference pattern are known to all of these methods.
Compared with other phase retrieval methods, proposed method is more robust to noise.

(a) REF-CDI [3] (b) ADMM [6] (c) D-ADMM (d) Ground truth

Fig. 2. PR results using different algorithms.
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