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Abstract: In this perspective article, we ponder topographical enhancements of artificial neural networks. In 

our recent paper in JMLR, we proved a quasi-equivalence between the network width and depth and also 

discussed the power of intra-links, which can be viewed as network height. In 1982, Hopfield published a 

network to model human associative memory, which contains many loops for dynamic evolution toward fixed 

points. Based on noising-denoising loops, diffusion models are recently developed to enable Bayesian 

modeling and inference with big data. Furthermore, we envision development of multi-AI-agent systems 

through “netware” engineering as a quantum leap of software engineering for emergent behaviors and 

autonomous AI at individual and population levels. We believe that the novel use of links and loops in space 

and time via multi-scale coupling would catalyze the next-generation neural networks.   
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1. Introduction 

Over the past decade, the success of deep learning models such as ResNet [1] and Transformer 

[2] reinforced the notion that "the deeper the better" [3,4]. More recently, the emergence of large models 

like ChatGPT [5–7] sparked competition to design and train increasingly massive models using vast 

amounts of data on high-performance computing platforms, giving an impression of “the larger the 

better”. Given the high system cost and low energy efficiency of the current large models, the trend is 

unsustainable for creating deeper/larger AI models [8]. Indeed, it is estimated that training a large 

model like ChatGPT would cost millions of dollars [9]. Also, the dominance of large companies and 

labs distorts the eco-system of AI [10]. Hardware-wise, in the foreseeable future the most advanced 

GPUs will be based on 3nm or 1nm fabrication, approaching the atomic scale and meeting a physical 

ceiling to accommodate larger models. Therefore, it is high time to consider how to sustain the 

momentum of AI development toward artificial general intelligence [11], the holy grail of AI research. 

As illustrated in Figure 1, here we ponder the novel use of links and loops in space and time via 

multi-scale coupling to catalyze the next-generation neural networks. In our recent paper [12], we 

proved a quasi-equivalence between the network width and depth, and discussed the power of intra-

links, which can be viewed as network height. In 1982, Hopfield published a network to model 

human associative memory, which contains many loops and allows dynamic evolution toward fixed 

points. Based on noising-denoising loops, diffusion models are recently developed to enable Bayesian 

modeling and inference with big data. Furthermore, we envision development of multi-AI-agent 

systems through “netware” engineering as a quantum leap of software engineering for emergent 

behaviors and autonomous AI at both individual and population levels. 
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Figure 1. Future of artificial neural networks. (a) A 3D neural network with width, depth, and height 

dimensions, (b) dynamics through feedforward and feedback mechanisms, and (c) a multi-AI-agent 

system with emergent behaviors at both individual and population levels. 

2. Methods and Results 

2.1. Interaction between Depth, Width, and Height 

Naively deepening models may not be beneficial [6]. In terms of expressivity, the width and 

depth of an artificial neural network are theoretically equivalent, meaning that a wide network can 

be transformed into a deep network at an arbitrarily small error, and vice versa [12]. Practically, 

deepening a network often yields better performance than widening it but a decent performance of 

a deep network assumes a specific requirement of the width. It has been proven that, to approximate 

a function from Rm to Rn, the minimum width required is m+n [13,14]. The interplay between width 

and depth is intricate; for example, in transformers, widening becomes necessary when deepening. 

If the width and depth are not balanced well, increasing depth becomes inefficient [15]. While a 

deeper network implies more sequential computations and higher latency, a wider network allows 

for easier parallelization. It was demonstrated in [16] that a wider network with only 12 layers can 

achieve performance comparable to that of deep networks with 30 layers.  

In addition to the width and depth, the height of the network is an overlooked dimension. The 

concept of network height is rare in the literature. The height can be introduced with intra-layer links 

within a layer, as pointed out in our recent paper [12] and in relevant prior studies [21,22]. Shortcuts, 

which bypass layers, have worked well [17–20]. Different from the commonly used shortcuts that 

connect layers, intra-layer links incorporate shortcuts within a layer, as shown in Figure 1(a). The 

concept of height is a natural extension beyond the width and depth of neural networks. Simply 

wrapping a linear array of neurons within a 2D array does not change the fact that these neurons can 

still be straightened out. On the other hand, intra-layer links implement neural interconnections 

within a layer so that neurons in the layer cannot be linearly unrolled, thus making the height 

direction meaningful and necessary.  

Introducing height is different from increasing depth in the following three senses. First, it 

increases neither the number of affine transformations nor the number of nonlinear activations, while 
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increasing depth does. Second, the use of intra-layer links (height) is a parallel mechanism to enhance 

representation power, while the use of layers (depth) is a compositional mechanism [12]. Third, the 

mechanism behind intra-layer links involves breaking symmetry and reinforcing the mutual 

information among neurons within the same layer [23], thus reducing the hypothesis space of interest. 

A network with the rectified linear unit (ReLU) for activation defines a piecewise linear function. 

Intra-linked neurons can produce exponentially more linear pieces [12]. Consequently, a narrower 

network with intra-layer links can possess the same potential as an exponentially wider network. 

Coupling the width, depth, and height of a network empowers its performance without increasing 

the number of network parameters significantly.  

Introducing the network height can significantly enhance deep learning capabilities. We should 

consider "height separation". This emphasizes the importance of height for network design, 

suggesting that a tall network can only be expressed by a short network with very large width and 

depth. It is important to note that width, depth, and height of a network could be flexibly converted 

for universal approximation, meaning that tall, wide, and deep networks can be transformed from 

one type to another. Therefore, instead of blindly increasing depth, we advocate for optimal balance 

among width, depth, and height of a network to maximize its representation power and 

computational efficiency. 

2.2. Integration of Feedforward and Feedback Mechanisms 

With the intra-/inter-links, loops can be naturally formed to induce dynamics of a data-

processing workflow. In the physical world, many systems are composed of numerous basic elements, 

and generate emergent properties driven by the least action principle [60,61]. In the human brain, 

intelligent behaviors arise from collective activities of interacting neurons. The Hopfield network is 

a pioneering example [23]. Unlike deep networks, which use primarily feedforward links without 

feedback loops, the Hopfield network and its variants [23–27] rely on a feedback mechanism that 

fundamentally differs from a feedforward network and produce intriguing outcomes such as 

associative memory. To harness the full potential of connectionism, as shown in Figure 1(b) we 

should extend the Hopfield network to combine the feedforward and feedback mechanisms in 

innovative ways. Such a combination of links and loops would bring significant advantages. 

Substantial evidence indicates that our brain works at critical points [28,29], such as “the aha moment”, 

which means abrupt changes between order and disorder or between distinct states. While a one-

dimensional Ising model lacks phase transition, a two-dimensional Ising model exhibits phase 

transition, since clustered interactions form loops on a two-dimensional grid [30]. Therefore, a 

network that incorporates loops and links in multiple dimensions would behave more like our brain, 

giving rise to critical behaviors that have not yet been a focus of today’s AI research. Furthermore, 

we should use a state-based method that can describe the behaviors of networks with feedback loops 

more effectively and efficiently. Fang et al. utilized a state-oriented representation to demonstrate that 

gradient descent search can discover a global minimum in the mean-field regime [31]. Zhang et al. 

leveraged the state representation to illustrate that the network depth can induce a Gaussian process 

[32].  

While the Hopfield network is featured by recurrent feedback loops (circular loops embedded 

in the architecture), the recently emerging diffusion models / score-matching networks [33] allow that 

an original data distribution is gradually noised into a featureless random field, and then incremental 

noise components can be gradually removed from the random field to sample the original data 

distribution (linear feedback in forward and reverse directions sequentially), also shown in Figure 

1(b). The whole noising-denoising loop can be done in hundreds or even thousands of steps, leading 

to powerful dynamics with the solution existence, uniqueness, and stability established by the 

stochastic differential equation theory [34]. Increasingly more independent studies report that the 

diffusion models set the state-of-the-art performance of generative AI, outperforming famous GAN 

and VAE networks [35]. The conventional wisdom of deep learning is that given a dataset one can 

learn the data distribution in the supervised learning mode. However, when data are highly diverse, 

and labels are rather scarce, supervised learning is handicapped. In this and other important 
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scenarios, the diffusion model and its variants represent a great research direction. Although the 

sample efficiency using the diffusion model is relatively low, further research will hopefully address 

this weakness [36]. 

2.3. Synergizing Multiple AI Agents through “Netware” Engineering 

Currently, either small artificial neural networks or large multimodal models are typically 

treated as single entities. At a higher level, as shown in Figure 1(c), we consider the relationship 

among AI models in a “super-network” perspective to engender the emergent properties and 

behaviors of AI systems at both individual and population levels. 

Development of multi-AI-agent systems needs to start with an initial relationship between 

components. To this end, we can draw parallels to software engineering concepts [37] and define the 

“netware” engineering principles. Naturally, all key relations between objects in software engineering 

can be parallel-transported to capture relations between networks. For example, dependency, as a one-

directional relationship, signifies that one object is constructed with another object, as demonstrated 

in hypernets [38–40]. Netware engineering focuses on relationships, thus instantiating category 

theory [41]. By Yoneda’s lemma [42] in category theory that X and Y are isomorphic if and only if 

their represented functors are isomorphic. Thus, the network performance is determined and 

comprehended by the relationships among components, while the traditional understanding of a 

network is based on its input-output responses.  

What sets netware engineering apart from software engineering is the autonomous potential of 

networks, which is evidenced by emergent capabilities. This can be better understood and controlled 

using the top-down approach through representation engineering (RepE) [43] and potentially other 

ways. RepE draws inspiration from the Hopfieldian view of cognitive science [44], which considers 

cognition as a result of activity patterns in a population of neurons. In [43], a technique called “low-

rank representation adaptation” (LoRRA) was proposed to capture emergent cognitive functions at 

a semantic level. In the context of honesty, two contrasting prompts such as "pretend you are a dishonest 

or an honest person, tell me about ABC” are prepared to elicit different activity patterns among the 

population of neurons in a network. This process metaphorically resembles performing an fMRI scan 

on the model. Subsequently, the contrastive activity vector serves as the representation target, 

allowing the model to be fine-tuned towards being honest. RepE can be generalized to address other 

important AI-specific issues such as uncertainty and stability.  

3. Discussion and Conclusion 

A subsequent goal of synergizing multiple AI agents is to generate the emergence phenomina at 

the population level. A multi-AI-agent system would have emergent behaviors that cannot be 

explained by specific behaviors of individual neurons or neural circuits. In social science, emergent 

phenomena are widely observed at the population level, known as “large is different” [7]. A famous 

Chinese proverb says, “three cobblers with their wits combined equal a master mind”. In biophysics, the 

collective and coherent motions, also known as flocking, can emerge in a large number of self-

propelled organisms such as birds, fish, and bees [45]. Flocking behaviors are equilibrium states 

characterized by the Toner-Tu equation, with the velocity violates the conservation of momentum 

[45]. To some extent, this characterization also applies to multi-AI-agent systems, which feature 

communication between agents, action coordination, and coalition formation. The “flocking” 

signifies that consensus emerges among agents [46]. By designing control-theoretic and game-

theoretic rules that prescribe the information exchange among agents, one can modulate the 

cooperation and competition of agents to stimulate the emergence properties. Other types of rules 

should be also feasible for emergence of intelligent behaviors. 

Given the current challenges encountered in the development of deep/large networks, our above 

analyses suggest transcending the territory of deep learning from spatial, temporal, and relational 

angles. This perspective represents a convergence of classic science and contemporary technology 

with the central focus on the development of the next-generation artificial neural networks. There are 

also other interesting perspectives, such as the fusion of rule-based [47] and data-driven approaches, 
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embodied artificial intelligence [48], and quantum deep learning [49]. We welcome further 

brainstorming for empowerment of artificial neural networks. 
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