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Causal Learning

Learning about the causal structure of the world is a fundamental problem for human cognition. Over the past 20 years, cognitive scientists have applied advances in our understanding of causation in philosophy and computer science, particularly within the Causal Bayes Net formalism, to understand human causal learning. The formalism specifies a probabilistic generative model that describes the causal relations between variables. The central idea is that if X causes Y, acting to change the value of X will change the value of Y. Empirical research has shown that human children are remarkably adept at causal learning and that they learn in a way that mirrors the formalism. Preschool children can use information about the conditional probability of variables and the outcomes of actions on those variables to infer the causal structure of the physical, biological, and psychological world; discover unobserved variables; and learn high-level abstract features of causal systems. Children do this by observing the outcomes of other people’s actions, listening to causal language, and exploring and experimenting themselves in their everyday play.




History

Going back to (n.d.-a), philosophers have worried about how we can learn that X causes Y, when all we directly observe is whether X is associated with Y. Some suggested that causation just is association; others argued that causal relations require a particular spatio-temporal path from cause to effect. Around 2000, philosophers of science James Woodward and Clark Glymour and computer scientist Judea Pearl articulated a formal account of causal knowledge and learning ((n.d.-b); (n.d.-c); (n.d.-d), (n.d.-e); (n.d.-f); (n.d.-g)).

In parallel, developmental psychologists articulated the “theory theory”: the idea that children’s cognitive development and learning is like theory formation in science [see Cognitive Development] ((n.d.-h); (n.d.-i); (n.d.-j)). Causal learning plays a central role in theory formation, so a research program emerged to test whether children would infer the right causal structures from data about statistics and interventions in the way that scientists do and that the formalism prescribed. This turned out to be correct to a remarkable degree. By age four, children can infer the causal structure of the physical, biological, and psychological world; discover unobserved variables; and learn high-level causal overhypotheses in this way ((n.d.-k); (n.d.-l)). Also, in parallel, developmentalists found that even infants could detect some particular causal relationships, such as relations of movement and collision among objects and relations between agents’ actions and their goals ((n.d.-m); (n.d.-n)).




Core concepts


Intervention

The interventionist definition of causation is that a variable X is causally related to a variable Y if and only if an intervention to change the value of X will change the value of Y. This is why a controlled experiment is the gold standard for causal inference in science. It contrasts with association or prediction. Yellow nicotine-stained fingers and smoking might both be associated with lung cancer, and you might predict that someone with yellow fingers would be more likely to get lung cancer. But intervening to wash your hands would not affect the probability of the disease, although stopping smoking would.



Bayesian networks

Causal relations are often described in terms of directed acyclic graphs that systematically connect causal variables, called Bayes nets. The graph can be used to systematically generate the conditional probabilities of variables and the outcomes of interventions on those variables. In principle, it is then possible to use Bayesian methods to learn the graph from the data. The Bayes net formalism was part of a broader movement toward Bayesian probabilistic models of cognition [see Bayesianism; Bayesian Models of Cognition], involving many types of probabilistic generative models and including hierarchical relations between such models ((n.d.-o); (n.d.-p)).



Overhypotheses

A higher-order causal overhypothesis or framework theory could constrain lower-level models ((n.d.-q)). For example, if you believe that human actions are caused by beliefs and desires [see Theory of Mind], you can restrict lower-level causal explanations for a particular action to Bayes nets that include these variables.



Search

The Bayesian hypothesis testing framework has a central dilemma: How does a learner search through all the possible causal hypotheses and decide which ones to test? There have been attempts to answer this question using “sampling” methods, and children may use these methods [see Markov Chain Monte Carlo] ((n.d.-r)). But the search problem is still intractable and hence an open area of research.



Active learning and exploration

Children actively and spontaneously intervene on the world to get data to solve causal problems ((n.d.-s)). This active learning is similar to experimentation in science and to exploration in reinforcement learning.



Social causal learning

Children learn causal relationships both through active learning and exploration but also through observations of others and through language [see Social Learning] ((n.d.-t); (n.d.-u)).





Questions, controversies, and new developments

How is general causal learning related to more specific types of causal knowledge in intuitive physics or intuitive psychology, sometimes called core knowledge ((n.d.-v); (n.d.-w)), which appear to be in place very early in development? Are these separate systems or are they integrated? And if so, how?

Different caregivers and cultures may transmit different kinds of causal knowledge through language and various forms of teaching. How these linguistic and cultural mechanisms work is still an unsolved problem.




Broader connections

One important new direction concerns the relation between causal learning and the machine learning methods that have recently transformed computer science and AI. Even very large language models appear to have particular difficulty with causal inference and learning tasks [see Large Language Models]. Is there a way to combine modern machine learning and the causal Bayes net approach? Modifying reinforcement learning techniques, which, like causal learning, involve interventions on the world, might be especially promising.

A second set of broader connections concerns the biological and evolutionary origins of causal learning. On one hand, understanding the effects of your actions on the world, a primordial kind of causal learning, is foundational to even the first intelligences that evolved in the Cambrian, the first geological period of the Paleozoic Era. On the other hand, the comparative animal cognition literature suggests that even other primates’ causal learning abilities are limited compared to human learning. Nonhuman animals appear to learn in a way that is less general—restricted to particular ecologically relevant contexts—and less impersonal—restricted to learning the effects of your own actions rather than the effects of others’ actions or understanding causal relations that are not directly the outcome of actions ((n.d.-x)).
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