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Mainstream data-driven artificial intelligence (AI) is currently encountering 
significant challenges in handling the spatiotemporal dynamics and critical transitions 
of complex systems, especially when the governing equations are unknown or difficult 
to formulate analytically. In 2019, we proposed the concept of and suggested a 
preliminary framework for the integration of complex systems principles into AI [1]. In 
this paper, we explore one such implementation pathway: introducing the principle of 
compromise in competition (CIC) between maximum dissipation and minimum 
dissipation [2] as a physical constraint to enhance the stability and interpretability of AI 
models in specific complex-system problems. It should be noted that, in recent years, 
methods such as physics-informed neural networks (PINNs) and diffusion models have 
incorporated physical or statistical mechanics principles to varying degrees [3–9]; 
however, they remain inadequate in addressing the specific class of complexity 
characterized by multi-mechanism dominance and mesoregime stability. This paper 
focuses on filling this gap and proposes a framework approach based on the principle 
of CIC. The key to implementing this framework lies in quantifying energy dissipation 
rates across different systems and identifying their extremal characteristics. Building on 
our previous exploratory studies [10,11], this paper further explores more specific 
pathways for advancement.

1. Challenges hindering further AI development
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At present, while the large-scale application of AI is flourishing across many fields, 
the consequences of one of its limitations—namely, the “black-box” nature of AI 
models—are gradually emerging. For example, early AI-based medical imaging 
diagnostic models typically output only a classification label (e.g., “benign” or 
“malignant”), leaving clinicians unable to identify the image features upon which this 
judgment was based. This limitation undermines clinical trust and the potential for 
clinical intervention [12,13]. While recent multimodal models can generate natural-
language explanations such as “irregular lesion margins,” the reliability of these 
explanations still requires validation [14]. Moreover, the models still struggle to reveal 
underlying physical causal mechanisms [15], such as the kinetic relationship between 
tumor growth and blood supply. Consequently, the “black-box” problem has not been 
fully resolved; rather, it has manifested in new forms.

In particular, when AI models are applied to complex engineering systems, the 
decisions made by these models often lack interpretability; they merely produce a 
prediction or control strategy based on input data but cannot reveal the underlying 
physical mechanisms and evolutionary patterns of the system. A major root cause of 
this problem is that many AI models for engineering applications remain predominantly 
data-driven, with their modeling frameworks and processes rarely incorporating 
physical principles that are derived from complex systems and that reflect the 
coexistence of order and disorder in spatiotemporal dynamics. The resulting limitations 
include a lack of causal reasoning mechanisms, as well as models that just reflect 
statistical correlations in the data, rather than capturing the true spatiotemporal 
complexity of real systems.

The “black-box” problem actually encompasses several distinct challenges: ① 
mechanistic understanding, or whether the model can reveal why the system evolves as 
it does; ②  causal reasoning, or whether the model can distinguish correlation from 
causality; ③ spatiotemporal dynamics, or whether the model can accurately capture 
the continuous evolution of the system over space and time; and ④ critical transitions, 
or whether the model can provide early warnings or characterize abrupt changes in 
system states. 

The AI approach proposed in this paper, which incorporates the CIC principle, 
directly addresses the mesoregime stability issue within spatiotemporal dynamics 
(challenge 3 in the list above) and the criteria for critical transitions in challenge 4. For 
challenges 1 and 2, CIC provides a source of physical constraints, but it still cannot fully 
resolve the issues of interpretability or causal inference.

Due to the absence of physical constraints, current AI architectures struggle to 
build intelligent systems capable of truly handling engineering complexity. This 
constitutes one of the major challenges for the development of intelligent models in 
complex engineering systems: What logical architecture should guide a foundational 
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intelligent system? How can domain-specific intelligent systems both fully reflect the 
diversity of complex systems across different fields and embody the universal principles 
underlying them? Answering these questions is key in addressing the challenges 
presented by AI regarding computational power, accuracy, stability, and other critical 
aspects [2,11].

Admittedly, in recent years, physics-informed AI approaches [3–8] and generative 
models (e.g., diffusion models [9]) have incorporated physical or statistical mechanics 
principles to varying degrees. Nevertheless, they remain inadequate for handling the 
particular class of complexity that involves the simultaneous existence and CIC of 
maximum and minimum dissipation [2].

2. Complexity science as an urgent necessity for AI development

To overcome the above challenges, it must first be recognized that both AI itself 
and the problems it addresses belong to complex systems. Therefore, key principles and 
recent advances in complexity science should be actively applied to the construction of 
AI training datasets, the design of training processes, and the establishment of model 
stability and dynamics constraints. That is, the unclear correspondence between AI 
network training (including data structure, training models, software, and hardware), its 
stability constraints, and the physical principles of the target system poses a problem 
that must be resolved promptly, as it directly affects computational cost, model 
interpretability, and inference capability. The future development of AI is closely tied 
to progress in complexity science, and the two are necessarily interdependent.

3. Applying the mesoscience principle of CIC to AI

Recent case studies [2] have suggested that a range of complex systems may share 
certain common evolutionary laws. This is at least likely to be the case for complex 
systems dominated by two different mechanisms: a three-regime, two-critical-point 
structural framework at each level. The spatiotemporal evolution of such a system at 
each level is mainly governed by two dominant mechanisms: mechanism A, which 
drives structural change, and mechanism B, which maintains the existing structure. 
These two mechanisms achieve CIC. Further generalization suggests that mechanism A 
may correspond to maximizing energy dissipation and mechanism B to minimizing 
energy dissipation, and that the coexistence of mechanisms A and B in the mesoregime 
is precisely the origin of complexity. In this paper, we propose this CIC relationship as 
a testable hypothesis.

Traditional complexity science often focuses on a single stability condition of a 
complex system, whereas the principle of CIC indicates that the stability conditions in 
the three regimes are distinctly different. In particular, the stability of the mesoregime 
must be achieved via CIC between the two extremal tendencies, mechanisms A and B. 
This phenomenon has been verified in multiple systems in chemical engineering [2]. 
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An interesting hypothesis suggests that the “emergence” of large language models may 
be analogous to critical transitions of the A/B mesoregime (the regime where 
mechanisms A and B coexist and achieve CIC), although this mapping still needs to be 
validated within the specific mechanisms of Transformer dynamics.

Integrating the principles of complexity science into AI is a key direction for AI’s 
future development; at the same time, AI is an important tool for advancing research on 
complex systems. If the CIC principle is applied to AI architectures and logical 
consistency among data systems, models, software, and hardware is ensured, a new 
pathway toward engineering intelligence may be opened up [11].

4. Connection to existing physics-informed AI and deep learning methods

Before presenting the application of the CIC principle to AI, we distinguish our 
approach from current mainstream physics-informed AI methods. In recent years, 
multiple technical pathways have emerged for integrating AI with physical principles. 
PINNs [3] enforce known physical laws by embedding the residual of partial differential 
equations into the loss function. Hamiltonian neural networks (HNNs) [4] and 
Lagrangian neural networks (LNNs) [5] encode inductive biases via conservation laws. 
Neural ordinary differential equations (ODEs) [6] model the evolution of hidden states 
as a continuous-time dynamical system. Operator learning methods (e.g., DeepONet [7] 
and Fourier neural operator (FNO) [8]) attempt to learn mappings between function 
spaces. Diffusion models [9] originate from non-equilibrium thermodynamics and 
generate data by learning the reverse process of a stochastic diffusion process. These 
methods have achieved significant success in their respective domains. Nevertheless, 
they share a common prerequisite: that the governing equations or evolution rules of the 
system are known or can be assumed, at least in some form.

In contrast to the above methods, the approach proposed in this paper has the 
following distinctive characteristics: ①  It does not only rely on known, explicit, 
governing equations of the system but rather addresses the evolution laws that are 
unknown or difficult to formulate analytically in complex systems. ② It focuses on 
the CIC between two extremal tendencies, maximum and minimum dissipation—
mechanisms that have not yet been explicitly adopted as a core principle in existing 
physics-informed methods. ③  CIC specifically provides stability conditions for the 
A/B mesoregime, whereas traditional physical constraints are often applicable only to 
regimes dominated by a single mechanism. Therefore, the proposed method is not a 
replacement for existing approaches but a complement to them, extending AI’s 
capability in handling the spatiotemporal dynamics and critical transitions of highly 
nonlinear complex systems.

In the field of deep learning, various heuristic mechanisms that embody the idea of 
“competition and compromise” have long existed. For example, the loss function of 
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variational autoencoders (VAEs) [16] involves a trade-off between reconstruction error 
(favoring accurate data reconstruction) and Kullback–Leibler (KL) divergence 
(favoring latent-space regularization). L2 regularization and dropout seek a balance 
between training-set fitting and generalization performance. The exploration–
exploitation dilemma in reinforcement learning reflects a competition between 
exploring new actions and exploiting known high-reward actions. The attention 
mechanism in Transformers [17] balances global and local information. In mixture-of-
experts (MoE) models [18], the constraints of expert specialization and load balancing 
similarly embody a compromise between efficiency and fairness. In generative 
adversarial networks (GANs) [19], the generator and discriminator are jointly trained 
through an artificially constructed adversarial objective function, and the final model 
performance depends on the balance achieved between them. Although these 
mechanisms stem from different engineering considerations, they often mathematically 
manifest as the joint optimization of two competing objectives, which bears a structural 

resemblance to the min ―A
B  formulation of CIC. CIC, however, offers a higher-level 

perspective—namely, the CIC between maximum and minimum dissipation in non-
equilibrium thermodynamics [2,20,21]—and thus provides a possible first-principles 
explanation for the above disparate heuristic mechanisms. Of course, this explanation 
remains a hypothesis for now, and future research is needed to map the specific trade-
offs in deep learning onto the energy dissipation in different processes.

It is worth reiterating that our proposed integration of CIC into AI is still an 
exploratory approach, and its generalizability requires more systematic validation and 
stepwise extension in future studies.

5. Mesoregime modeling with the min ―A
B  constraint 

Intuitively, the CIC constraint requires the model to coordinate two competing 
tendencies: maximizing the effect of mechanism A (i.e., minimizing –A) and minimizing 
the effect of mechanism B. Since these two objectives conflict to some extent, the 
system cannot optimize both fully. A reasonable compromise, therefore, is to seek a 
balance point where both objectives are acceptably satisfied, realizing CIC through 
spatiotemporal dynamic constraints. This idea can be formulated as the multi-objective 
optimization problem of simultaneously minimizing –A and minimizing B—that is, 

min ―A
B .

In the mesoregime, system behavior is governed by the principle of CIC [2,20,21], 
manifesting as a dynamic alternation between mechanism-A-dominated and 
mechanism-B-dominated spatiotemporal structures. Fig. 1 illustrates this core 
framework, which comprises three regimes: the mechanism-A-dominated regime, the 
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mechanism-B-dominated regime, and the A/B mesoregime. The spatiotemporal 
dynamic structure of the mesoregime differs from the unimodal distributions in the 
mechanism-A-dominated or mechanism-B-dominated regimes, instead exhibiting a 
complex bimodal distribution.

In modeling the mesoregime, the multi-objective constraint min ―A
B  can be used 

as the stability condition for the A/B mesoregime. Assuming mechanisms A and B are 
equally important, this multi-objective optimization can be mathematically transformed 
into a minimization of the sum of two normalized deviations, namely 

( A) – ( A)min

( A)max– ( A)min
+

B – Bmin

Bmax – Bmin
 → min [2], which corresponds to finding a unique optimum between the 

normalized goals. Ref. [10] uses the constraint min ―A
B , which has been shown to be 

effective and computationally efficient in practice. This three-regime, two-critical-point 
characteristic preliminarily reflects the fundamental logic an engineering AI 
architecture should follow.

Fig. 1. Commonalities in control mechanisms and evolutionary characteristics across multiple case studies 
(modified from Ref. [2], Fig. 8).

The CIC principle can be embedded into AI models in multiple ways, depending 
on the nature of the problem and the available information. ① It can be embedded as 
a regularization term in the loss function, where a soft constraint of the form α ∙ min

―A
B  is added to the original data-driven loss (e.g., mean squared error (MSE)), with 

α being a weighting hyperparameter that controls the strength of the constraint. This is 
the most direct and flexible approach. Unlike other handcrafted regularization 
techniques (e.g., L2 regularization and dropout), this regularization is not primarily 
intended to mitigate overfitting; it is more akin to a function-space regularization that 
introduces a physical prior during training, thereby constraining the feasible solution 
space of the model and serving as a physical constraint. This is essentially consistent 
with the soft-constraint philosophy adopted in recent physics-informed learning 
approaches. Furthermore, the essential difference from physics-informed methods such 
as PINNs is that the mathematical form of the CIC constraint is not derived from 
prespecified governing equations or conservation laws but from an inductive 
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understanding of the evolutionary mechanisms of complex systems. CIC reformulates 
the physical problem into a multi-objective optimization problem by identifying the 
extremal characteristics of the system’s dominant mechanisms and system stability 
conditions. Therefore, the CIC constraint is not an encoding of known equations, as in 
PINNs, but a quantitative mathematical representation of the physical fact of 
“compromise in competition.” Moreover, this mathematical form is not a heuristic 
choice; it is directly derived from the multi-objective optimization formulation, and its 
uniqueness is dictated by the coexistence of the two dominant mechanisms, rather than 
by empirical design. ②  The CIC principle can be embedded into an AI model as a 
design criterion for a network architecture, where the statistical distributions of certain 
features in intermediate layers of neural networks or attention mechanisms are enforced 
to satisfy the extremal trade-off of A/B competition. ③  It can be embedded as a 
broader conceptual framework to guide the selection of training strategies at a higher 
level, such as in reinforcement learning, reinterpreting the exploration–exploitation 
trade-off as a CIC between maximum and minimum dissipation. In the AI modeling 
example of the gas–solid two-phase system shown in Fig. 2 [10] of this paper and 
discussed below, CIC is incorporated into the loss function in the form of a 
regularization term.

Fig. 2. The influence of different physical constraints on the convergence behavior of neural network training 
in a gas–solid two-phase system, based on the dataset from Ref. [10] and obtained through retraining. The 
vertical axis denotes the training loss (MSE + gradient difference loss (GDL)), and the horizontal axis indicates 
the training set size. Data and model: The dataset originates from a two-dimensional direct numerical 
simulation of a gas–solid fluidized bed in Ref. [10]. The task is to predict the particle velocity field distribution 
at the next time step, given ten consecutive time steps. The neural network employs a ConvLSTM architecture 
with 64 neurons per layer and rectified linear unit (ReLU) activation. Training settings: The training set size 
n ranges from 350 to 2240, while the test set size is 0.1n. The batch size is 3, the optimizer is Adam with a 
learning rate of 1 × 10⁻³, and the total number of training epochs is 100. Loss function forms: The four loss 
functions are defined as follows: “Conventional” is MSE + GDL; “A only” is MSE + GDL + α ∙ min( ―𝐴), 
using voidage as surrogate indicator for mechanism A; “B only” is MSE + GDL + α ∙ min(𝐵), using 
acceleration as surrogate indicator for mechanism B; and “A/B CIC” is MSE + GDL with the CIC constraint 

α ∙ min ―A
B . The term “min” denotes the function that quantifies the minimum trend. As shown in the figure, 

the CIC constraint achieves the fastest loss reduction and the smallest fluctuations.

6. Preliminary validation of AI performance with embedded CIC
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As a preliminary illustrative example of the feasibility of embedding the CIC 
principle into AI, we previously explored this concept through an AI modeling case of 
a gas–solid two-phase system [10]. It should be emphasized that this case is intended 
solely to demonstrate how CIC constraints can be incorporated into an AI model and 
influence its training behavior, rather than to serve as a rigorous proof of the method’s 
generality or superiority. More systematic validation is required across a broader range 
of system types. Moreover, this paper does not claim to “reconstruct AI architectures” 
based on this single example; instead, this should be regarded as a long-term research 
agenda, with the present example serving merely as a worthwhile starting point for 
further exploration.

By incorporating the CIC of the system’s dominant mechanisms as a physical 
constraint in modeling, this method effectively suppresses instability in small-sample 
learning and significantly improves computational efficiency [10]. Fig. 2 presents 
further new computational analysis of the example explored in Ref. [10]. It is evident 
that, in terms of convergence stability, the CIC constraints outperform the constraints 
imposed by either dominant mechanism alone, as well as conventional methods without 
physical constraints. In terms of prediction performance, Ref. [10] uses the peak signal-
to-noise ratio (PSNR) metric for evaluation. On the test dataset, the model integrated 
with the CIC constraint achieved an average PSNR gain of 0.66 dB over the model 
without physical constraints. This result quantitatively verifies the positive contribution 
of the CIC constraint and demonstrates the effectiveness of the proposed method in 
improving the prediction accuracy of the velocity field in gas–solid systems. Moreover, 
the gas–solid system currently modeled is relatively dilute; applying the method to 
denser two-phase systems would likely yield even more significant improvements. This 
preliminary result suggests the potential of CIC constraints when applied to specific 
small-sample engineering problems; still, their general validity requires further 
investigation.

Through these analyses, we suggest that special attention should be paid to the 
multi-level structure of complex systems and cross-level interactions, and that this issue 
should be taken into account in data collection, modeling, and CIC constraints; 
otherwise, data quality and modeling validity would be difficult to ensure [11,21].

7. Theoretical bottleneck in quantifying energy dissipation and its dynamic 
constraints 

At present, a core challenge lies in quantifying energy dissipations across various 
systems and establishing corresponding dynamic models. Although the physical 
meanings and mathematical expressions for the maximum dissipation tendency 
(dominated by mechanism A) and the minimum dissipation tendency (dominated by 
mechanism B) differ considerably from system to system, they nevertheless follow a 
common identification principle: A is the dominant tendency that drives the system 
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away from its current state and promotes structural change, typically accompanied by a 
higher energy dissipation rate, while B is the dominant tendency that maintains the 
current structure and resists change, typically associated with a lower energy dissipation 
rate. Naturally, the two operate via distinct dissipation mechanisms. What physical 
mechanisms do A and B correspond to? What complexity emerges when they coexist? 
To address these questions, a unified theoretical framework is still lacking, making this 
bottleneck the most specific and urgent theoretical one in engineering applications.

In complex systems, mechanisms A and B may correspond to different quantities. 
For example, in turbulent flows, they correspond to inertial dissipation and viscous 
dissipation, respectively [21]; in the context of the United Nations Sustainable 
Development Goals (SDGs), maximizing well-being and minimizing resource 
consumption are the ultimate goals [2]. The key to quantifying mechanisms A and B is 
to find measurable surrogate indicators and verify that the extremal behavior of these 
proxies is consistent with that of the dominant mechanism in the mesoregime.

Although there is currently no unified framework for quantifying energy 
dissipation rates, and complex systems exhibit both common principles and diversity, 
this issue should still be pursued as an important direction. The following research 
avenues may serve as starting points: 

(1) A candidate mathematical framework: A possible framework involves 
building upon the equivalent formulation of the mechanism A–mechanism B multi-
objective variational problem—that is, minimizing the sum of two normalized 
deviations—to gradually establish a mathematical framework that explicitly expresses 
the common extremum principle while accommodating the diversity of systems. 

(2) Measurable surrogate indicators: For systems where dissipation cannot be 
directly computed, readily accessible quantities may be used as proxies for dissipation 
tendencies, with their extremal behavior verified against that of the dominant 
mesoregime mechanisms. As a first step, measurable proxies that correlate with 
mechanisms A and B extremal tendencies (even if not strict measures of dissipation) 
should be sought across systems, and their CIC extremal behavior should be validated—
an approach already discussed in detail in Refs. [2,10]. 

(3) A staged modeling strategy: We suggest starting with systems for which a 
relatively mature physical understanding has been attained (e.g., gas–solid fluidized 
beds and turbulence) to establish empirical or semi-empirical formulations for 
dissipation quantification and then gradually extending these to more complex systems. 
These directions are offered only as preliminary suggestions to stimulate further 
discussion and urgently require transdisciplinary collaboration for collective scrutiny 
and refinement.

8. Filling a critical gap in the contemporary knowledge system
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Despite its transition from reductionism to systems theory, the scientific 
community has long been unable to bridge the mesoscale gap between the element scale 
and system scale of different levels. This gap stems from the challenges posed by 
complexity principles and constitutes a critical missing link in the knowledge system. 
The framework in Fig. 1 precisely fills this multi-level, mesoscale complexity gap—a 
gap that remains largely unaddressed in both knowledge systems and current AI datasets 
[11]. This issue warrants urgent attention and prompt resolution.

9. Toward physics-constrained intelligence

Starting with the simpler case of systems dominated by two mechanisms, the 
transdisciplinary integration and synergistic complementarity of mesoscience and AI 
can aid in identifying and quantifying the two dominant mechanisms A and B in 
complex systems, thereby fostering the establishment of a physical-constraint-oriented 
paradigm for AI model training. This approach offers great potential of filling the 
mesoscale knowledge gaps so as to increase model interpretability and significantly 
improve modeling efficiency, representing a forward-looking and practically relevant 
endeavor in AI development.

The vision outlined above still requires continuous optimization and refinement in 
practice. Moreover, the universality of maximum dissipation, minimum dissipation, and 
the coexistence of the two requires further confirmation, and quantifying these regimes 
in different cases may still present difficulties or may be temporarily done using 
extremal values of substitute quantities [2]. Nevertheless, the CIC-based guidance of 
dominant mechanisms in complex systems remains critically important.

That said, existing research organization structures and evaluation systems struggle 
to provide effective support for such transdisciplinary and foundational research. Even 
in institutions where AI is advancing rapidly, this issue has received insufficient 
attention, and the importance of complexity stability principles in AI has not been 
adequately recognized, underscoring the aforementioned predicament.

To this end, we recommend that the scientific community break with conventional 
practices and redeploy its limited resources to promote broad transdisciplinary 
collaboration and cross-domain integration. In this way, it will be possible to break the 
current developmental impasse in AI research, which is currently characterized by 
redundant investments and technological path dependence, and steer AI away from 
purely data-driven approaches toward a new paradigm of sustainable intelligence 
grounded in physical principles.

In summary, efficient, accurate, and truly rational AI must follow the physical logic 
and architectural principles inherent in the physical world, human intelligence, and the 
knowledge system. This may be an unavoidable critical issue for the sustainable 
development of AI and one that must be solved in order to achieve internal coherence 
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of the knowledge system. To achieve such a breakthrough, it would be worthwhile to 
establish a targeted international collaboration program, strengthen global 
transdisciplinary collaboration, and accelerate progress toward this goal.
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