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The free energy principle is a mathematical principle that describes how interacting objects or “things” 

(defined in a specific way) change or evolve over time. In this context, a thing is a set of states that can be 

meaningfully distinguished from other such things (e.g., particle, person, or population), both in the 

sense that there exists a boundary that separates that thing from other things, and also, through which it 

is able to interact with other such things. The free energy principle states that things, so defined (as sets of 

states that are separable from—but coupled to—other things) will look as if they track each other, by virtue 

of being separable but coupled. That things “track” each other means that they look to an external 

observer as if they carry information (or encode probabilistic beliefs) about each other. Mathematically, 

the free energy principle allows researchers to write down equations that describe the change of systems 

over time. This leads to a new family of mechanics, akin to classical and quantum mechanics, called 

Bayesian mechanics. In Bayesian mechanics, the time evolution of things minimizes a quantity called 

variational free energy, which is a function of probabilistic beliefs about the world that can be read in 

terms of self-information, surprisal, in information theory or Bayesian model evidence, marginal 

likelihood, in statistics. In summary, the free energy principle says that if something exists, then its 

dynamics must minimize variational free energy. 

History

The free energy principle was originally proposed in the mid-2000s, in the context of theoretical 

neurobiology and computational neuroscience (Friston, 2005). It was first used to model the function, 

structure, and dynamics of the human brain. In this context, the free energy principle says that the brain 

is or entails a statistical model of its world and that brain and world synchronize via their interactions: In 

perception and learning, part of the agent (i.e., its brain and body) becomes more like the world; and in 

action, the world becomes more like the agent (Friston, 2010). Thus, the free energy principle allows 

researchers to describe how the brain responds to environmental perturbations. In this context, the free 

energy principle forms the basis of an approach to modeling intelligent systems—in particular, to 

modeling neuronal and living systems, such as brains and cell ensembles—called active inference (Parr et 

al., 2022). 

Since being proposed in theoretical neurobiology, the domain of application of the free energy principle 

has been extended from neuroscience (Friston, 2010; Friston et al., 2021; Isomura et al., 2023). From the 

2010s onward, the free energy principle was developed more generally as a mathematical principle of 

information physics (Friston et al., 2023a). It has now been applied to phenomena in domains as diverse 

as immune system function (Bhat et al., 2021), morphogenesis and pattern formation (Friston et al., 2015; 

Kuchling et al., 2020), evolutionary and developmental dynamics (Friston et al., 2023b), and the spread of 

information on social networks (Albarracin et al., 2020). More recently, the free energy principle has been 

deployed as a design principle for robotics and artificial intelligence (Çatal et al., 2021; Friston et al., 2024). 
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Core concepts

The free energy principle says something fundamental about what it means to be a physical thing that 

exists—in the sense that, through and despite its interactions with other physical things, that thing 

remains over time the kind of thing that it is: Quantum states, rocks, trees, and societies are things in this 

specific sense (Ramstead et al., 2023). The free energy principle says that any thing that exists (in this well-

defined sense) will look to an external observer as if it minimizes a quantity called surprisal, or a 

mathematical upper bound on surprisal, called variational free energy (Constant, 2021). Surprisal, simply 

put, expresses the improbability of some outcome, state, path, or configuration: It is the negative log of a 

probability. The free energy principle thus says that things exhibit behavior that is unsurprising, given 

the kind of thing that they are. 

The free energy principle says that the motion of things in the space of possible states (or paths) minimize 

surprisal—in the same way that classical systems follow paths of least action that minimize an energy 

function (called a Lagrangian), which tells researchers how probable it is to find the system in a given 

state or configuration. This is a mathematical way of naturalizing the idea that things behave in 

unsurprising or characteristic ways, given the kind of thing that they are. The characteristic states or 

paths are described in terms of a generative model, which is a joint probability density over the states (or 

paths) that comprise the thing in question and states external to the thing. This rests on a stipulative 

definition of a thing in terms of its internal states and their boundary (known technically as a Markov 

blanket), where boundary or blanket (i.e., active and sensory) states mediate the coupling between 

internal and external states (Karl, 2012) . Thus, the free energy principle provides researchers with a 

stipulative definition of thingness, in terms of dynamical or causal coupling among states, and serves as 

the foundation of a calculus of belief updating that describes this coupling. 

Applications of the free energy principle are twofold: First, it allows for the identification of the 

generative model—and implicit belief updating—that best explains the observable behavior of some 

thing. Second, it allows for the creation or stimulation of agents by solving for the paths of least action, 

under any given generative model of characteristic states (or paths).

Questions, controversies, and new developments

The epistemological status of the free energy principle—and in particular, the fact that it is not falsifiable—

has been the subject of some controversy (Ramstead et al., 2023). The free energy principle is a piece of 

mathematical reasoning: It is no more subject to empirical falsification than other areas of mathematics, 

such as calculus. Instead, the free energy principle is used to write down specific generative models (and 

attending equations of motion), which are, in turn, subject to empirical verification (as in Isomura et al., 

2023; see also Andrews, 2021). That real systems conform to variational principles like the free energy 

principle lends credibility to the free energy principle as applicable to specific classes of systems. 
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Broader connections

The free energy principle is closely related to predictive coding (Rao & Ballard, 1999) and the Bayesian 

brain (Knill & Pouget, 2004) in neuroscience [see Bayesian Models of Cognition]. The free energy principle 

has close ties to variational approaches in machine learning based on maximizing an evidence lower 

bound, which pick out exactly the same quantity as variational free energy (Friston, 2010). Finally, the 

free energy principle is also closely related to the principle of maximum entropy: The free energy 

principle turns out to be a way of writing down the principle of maximum entropy, under the constraint 

that systems maximize the accuracy of their predictions (Ramstead et al., 2023; Sakthivadivel, 2022). 
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