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Abstract: [ Objective] With the continuous evolution of coherent optical communication systems toward higher capacity, longer
transmission distances, and higher-order modulation formats, fiber nonlinear effects have become a major bottleneck limiting the
system performance. Nonlinear Equalization (NLE) has emerged as a key technique to enhance overall transmission performance.
In recent years, machine learning approaches have been increasingly applied to optical fiber communications, demonstrating unique
advantages in modeling and compensating complex nonlinearities. However, these methods still face challenges in computational
complexity and generalization. This paper aims to provide a systematic review of both traditional nonlinear compensation tech-
niques and machine learning-based NLE methods, with a particular focus on strategies for enhancing generalization and reducing
complexity. [MethodsIWe first review traditional Digital Signal Processing (DSP) approaches, including the basic principles and
computational complexity of Digital Back Proagation (DBP) and Perturbation-Based Compensation (PBC). We then summarize
recent advances in neural network-based equalizers, such as Multilayer Perceptrons (MLP) , Convolutional Neural Networks
(CNN) , bidirectional long short-term memory networks (Bi-LSTM) , Transformers, Generative Adversarial Networks
(GAN), and End-to-end Deep Learning (E2E-DL), along with their corresponding complexity formulations. Finally, we high-
light various techniques for complexity reduction and generalization enhancement, including pruning, weight clustering, quantiza-
tion, knowledge distillation, transfer learning, meta-learning, semi-supervised learning, and self-supervised learning. [ Conclu-
sionJOverall, machine learning based NLE techniques have gradually outperformed traditional DSP solutions in terms of compen -
sation performance. Nevertheless, challenges in computational complexity and energy efficiency remain major obstacles to re-
al-world deployment. Future research should aim to balance performance, complexity, and generalization, thereby facilitating the
transition of machine learning-based NLE algorithms from proof-of-concept studies to practical applications.
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Figure 4 The structure of knowledge distillation technology
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