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Abstract: This article examines the critical role of training dynamics in the optimization of 

modern neural networks. Moving beyond a static analysis of algorithms and converged solutions, we 

argue that the time-evolving trajectory of parameters and internal representations - the dynamical 

system defined by the interaction of optimizer, architecture, and data - is fundamental to 

understanding contemporary deep learning phenomena. We analyze the journey from initialization 

through convergence, exploring how initial conditions implicitly regularize the optimization path, 

how stochasticity and loss landscape geometry interact to select flat minima, and how adaptive 

optimizers alter the fundamental search dynamics. The discussion extends to the co-evolution of 

internal representations, the emergent macroscopic scaling laws observed in large-scale training, and 

theoretical lenses such as the Neural Tangent Kernel that provide formal insight into these behaviors. 

Ultimately, a dynamic perspective is shown to be indispensable for explaining implicit regularization, 

generalization, and the emergence of capabilities, thereby guiding the development of more efficient, 

robust, and controllable optimization strategies for advanced artificial intelligence systems. 
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The optimization of neural networks represents the central mechanism through which raw 

computational architecture acquires functional capability. For decades, the foundational algorithm for 

this process has been stochastic gradient descent and its numerous variants. While the static 

description of these algorithms is well-documented in literature, focusing on update rules and 

convergence guarantees, a profound shift in understanding has emerged from scrutinizing the 

dynamics of training - the intricate, time-evolving trajectory of parameters and representations 

throughout the learning process. This article posits that a dynamic, rather than static, perspective is 

crucial for unraveling the mysteries of modern neural network behavior, explaining phenomena such 

as implicit regularization, loss landscape navigation, and the emergence of robust internal 

representations. The journey from initialization to convergence is not a mere incremental refinement 

but a complex dynamical system exhibiting distinct phases and properties that fundamentally shape 

the final model. 

The training process commences with initialization, a step whose profound influence on 

dynamics is now widely recognized. The shift from simplistic schemes like uniform or normal 

initialization to carefully calibrated methods like He or LeCun initialization was motivated by the 

desire to preserve signal variance across layers in deep networks at the onset of training. This 

initialization sets the initial conditions for the dynamical system. Crucially, in overparameterized 

networks - where parameters far exceed the number of training examples - the initialization point lies 

in a region of high-dimensional space. The gradient flow from this point is not uniquely determined 

by the loss function alone; the optimization path is heavily biased by the initial coordinates. This bias 

is a primary source of implicit regularization, where the optimization algorithm, guided by its 

dynamics, converges to a particular solution among the infinite set of interpolating solutions. The 

dynamics early in training often exhibit a rapid decline in loss, accompanied by a significant shift in 

parameters. However, this initial phase is more than just loss reduction. Research has shown that 
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networks often learn simple, generalized patterns first, a dynamic sometimes aligned with the notion 

of spectral bias where lower-frequency functions are learned faster. The initial trajectory is thus a 

search directed by gradients but constrained and biased by the geometry of the initialization region. 

As training progresses beyond the initial rapid improvement, networks typically enter a 

prolonged period of gradual loss refinement. The dynamics in this phase are characterized by the 

interplay between stochasticity from minibatch sampling and the geometry of the loss landscape. The 

concept of a loss landscape, often visualized as a high-dimensional surface, is inherently linked to 

dynamics. Optimization algorithms do not merely seek the lowest valley; they navigate a topology 

riddled with saddle points, flat plateaus, and ravines. The dynamics of stochastic gradient descent 

exhibit a fascinating property: the noise introduced by minibatch sampling is not merely an 

impediment but a critical component of effective training. This stochasticity prevents convergence to 

sharp minima, instead encouraging movement towards wider, flatter basins in the loss landscape. Flat 

minima are empirically associated with better generalization, as small perturbations in parameters 

lead to negligible changes in loss, suggesting robustness. The training dynamics effectively perform 

an approximate Bayesian inference, with the trajectory and final resting point encoding a form of 

uncertainty. The continuous injection of gradient noise means the parameters do not converge to a 

fixed point in a traditional sense but rather exhibit persistent fluctuations within a basin. The 

covariance of these fluctuations relates to the sharpness of the minimum, and thus the dynamics in 

this late-phase training are essential for selecting generalizable solutions. 

A pivotal concept for understanding these dynamics is the learning rate, which acts not as a 

mere step size but as a central governor of the dynamical system's behavior. It controls the influence 

of the stochastic noise and determines the trade-off between the speed of descent and the stability of 

the final solution. A high learning rate can cause the optimization trajectory to oscillate or even 

diverge, while a too-low rate leads to agonizingly slow progress and potential capture in suboptimal 

regions. The development of adaptive learning rate methods like Adam or RMSProp can be 

interpreted as introducing stateful dynamics to the optimization process. These methods maintain per-

parameter moving averages of past gradients, effectively creating a friction-like or momentum-based 

component to the dynamical system. Momentum, in particular, transforms the gradient descent 

equation into a second-order differential equation akin to a ball rolling down a hillside with inertia. 

This allows the optimization to traverse flat plateaus more quickly and dampen oscillations in steep 

ravines, fundamentally altering the training trajectory compared to vanilla gradient descent. The 

choice of optimizer is thus a choice of dynamical system, each with different properties regarding 

memory, noise resilience, and convergence speed. 

The dynamics of optimization are inextricably linked to the evolving internal representations 

within the network. As parameters change, so does the function that maps inputs to intermediate 

activations and finally to outputs. Recent studies probing these representation dynamics reveal a non-

monotonic, rich evolution. Features do not solidify immediately but can undergo periods of rapid 

restructuring followed by consolidation. This is particularly evident in transfer learning, where a pre-

trained network undergoes fine-tuning. The dynamics in this setting are constrained, starting from a 

point of relatively low loss, and the optimization explores a local basin shaped by the pre-trained 

parameters. The dynamics of feature learning also highlight the difference between modern deep 

networks and shallow models. In deep networks, gradient flow via backpropagation facilitates a 

coordinated, though complex, adjustment across layers. The phenomenon of catastrophic forgetting 

in continual learning scenarios is a direct consequence of unconstrained training dynamics - the 

natural trajectory of gradient descent when applied to new data erases the representations needed for 

previous tasks. Techniques like elastic weight consolidation attempt to modify the dynamics by 
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adding a regularization term that penalizes movement away from important parameters for previous 

tasks, effectively shaping the loss landscape to preserve critical basins. 

Furthermore, the scale of models and data has brought to light emergent dynamical phenomena. 

In large language models and vision transformers, training dynamics exhibit predictable, scalable 

patterns. The loss during training often follows a power-law decay with respect to computational 

budget and data volume, a observation that has led to the formulation of scaling laws. These laws are 

a macroscopic description of the training dynamics, suggesting underlying order in the complex 

optimization process. The dynamics also reveal phase transitions; for instance, as training 

computation increases, models may suddenly acquire new capabilities or exhibit sharp improvements 

on certain tasks, indicating a shift in the internal representation structure. The double descent curve, 

where test error increases and then decreases as model size or training time grows past the 

interpolation threshold, is another dynamic phenomenon. It contradicts classical bias-variance trade-

off wisdom and is explained by observing the optimization dynamics through the lens of the time at 

which training is stopped. Early stopping in the overfitting regime can yield the first peak, while 

continued training allows the dynamics to find a smoother interpolating solution in the second 

descent. 

Theoretical frameworks for analyzing these dynamics are continually evolving. The neural 

tangent kernel theory provides a powerful lens by approximating the training dynamics of infinitely 

wide networks as a linear system. In this regime, the NTK remains constant during training, and the 

dynamics reduce to a convex optimization problem, solvable analytically. While this fails to capture 

the feature learning dynamics of finite-width networks, it offers a precise mathematical tool for 

understanding the early stages of training and the convergence properties in ultra-wide networks. 

Another perspective comes from physics, where training dynamics are analogized to particles moving 

in a potential field (the loss landscape) under the influence of stochastic forces (minibatch noise). 

This thermodynamic analogy allows researchers to apply concepts from statistical mechanics, such 

as temperature (controlled by the learning rate and batch size) and entropy, to analyze the collective 

behavior of parameters. 

In conclusion, the training dynamics of modern neural networks constitute a rich field of study 

that moves beyond the algorithmic checklist of optimization. It demands a perspective that views 

training as a trajectory through a high-dimensional space, shaped by initial conditions, governed by 

differential equations with stochastic forcing, and resulting in the emergent acquisition of complex 

functions. The dynamics explain why we obtain the models we do, how they generalize, and where 

their capabilities and limitations arise. Future progress in developing more efficient, robust, and 

capable AI systems will likely hinge on a deeper, more refined understanding of these dynamics. This 

includes designing optimizers that better shape the training trajectory, developing principled methods 

for scheduling learning rates and selecting batch sizes, and formulating new theoretical models that 

can predict dynamic phenomena like phase transitions and representation evolution. The optimization 

process is the crucible in which intelligence is forged in artificial neural networks; understanding its 

fire and flow is key to mastering the alchemy of deep learning. 
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