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Aims of this talk

1. Argue against the 7PCH9 thesis—that causal 

reasoning is not reducible to probabilistic 

reasoning—by proving a reduction theorem in 

the context of structural causal models 7SCMs).



Aims of this talk

2. Advance the subjectivist project of de Finetti 

and friends with a representation theorem for 

causal learning and reasoning in terms of 

symmetry properties of an agent’s credences.



Aims of this talk

3. Discuss the implications of these results for the 

role of causation in: 

o understanding agency; 

o debates in decision theory; 

o and claims about the limits of LLMs.





Pearl’s Causal Hierarchy 7PCH9



“The bulk of human knowledge is organized around 

causal, not probabilistic relationships, and the 

grammar of probability calculus is insufficient for 

capturing those relationships…”

—Pearl 72001, p. 319 Bayesianism and Causality, or, Why I am Only a Half-

Bayesian



“Specifically, the building blocks of our scientific 

and everyday knowledge are elementary facts such 

as ‘mud does not cause rain’ and ‘symptoms do not 

cause disease’ …and those facts, strangely 

enough, cannot be expressed in the vocabulary of 

probability calculus.”

—Pearl 72001, p. 319 Bayesianism and Causality, or, Why I am Only a Half-

Bayesian





Irreducibility of levels of PCH

“We prove that… it is generically impossible to draw 

higher-layer inferences using only lower-layer 

information, a result known informally in the field 

under the familiar adage: ‘no causes-in, no causes-

out.’”

—Bareinboim et al 720219 On Pearl’s Causal Hierarchy and the 

Foundations of Causal Inference, p. 513



Irreducibility of levels of PCH

“If each language did not expressively exceed its 

predecessors, then in some sense our talk of 

causation and imagination would be no more than 

mere figures of speech, being fully reducible to 

lower layers.”

—Bareinboim et al 720219 On  Pearl’s Causal Hierarchy and the 

Foundations of Causal Inference, p. 527



Pearl’s Causal Hierarchy 7PCH9
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Pearl’s Causal Hierarchy 7PCH9

•  

 



Structural Causal Models



•  



Let’s consider a very simple SCM.



  



 

  

 



 

  

   



 

  

   



 

  

   



 

  

   



 

  

   



 

  

   



 

  

   



 

  

   



  

 



  

 



We consider SCMs exclusively in their capacity as

representing type-level causal relations.



For now, we restrict our focus to models satisfying: 

1. Causal Markov Condition

2. Faithfulness



•  



  

 

•  



  

 

•  



Fact. These two graphs are indistinguishable using 

only observations of realizations of these variables.
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However, they can be distinguished if we have 

access to observations of interventions.
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Causal Hierarchy Theorem 7CHT9

Theorem. The PCH almost never collapses. 

That is, for almost any SCM, the layers of the 

hierarchy remain distinct. 
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The proof is valid. But we think that a 

straightforwardly enriched associational language 

can reproduce the interventional semantics.



N.B.: Interventions encoded by do-operations that 

are made exogenous to one graph can be made 

endogenous to another graph.



  

 

 

 



  

 

 

 

  

 

 

 



Given this insight, can we prove the reducibility of 

interventional claims to associational ones?





Spirtes et al 719939 prove 

7Ch.4, Thm 4.69 that any two 

DAGs can be distinguished 

provided additional 

variables with the 

appropriate causal structure 

exist and can be measured.



That is, any DAG is uniquely 

identifiable from 

observational data given the 

right sorts of additional 

variables.
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Reduction Theorem



For any SCM, we can construct a conservative 

extension by introducing auxiliary variables and 

modified structural equations that replicate the 

effects of interventions. 



•  



 

  



 

  

 



 

 

  



 

 
 

  



 

 
 

  



 

 
 

  



In places, Pearl articulates a view not dissimilar to 

ours…



“If you wish to include the entire universe in the model, 
causality disappears because interventions disappear
—the manipulator and the manipulated lose their 
distinction. However, scientists rarely consider the 
entirety of the universe as an object of investigation. In 
most cases the scientist carves a piece from the 
universe and proclaims that piece in—namely, 
the focus of investigation. The rest of the universe is 
then considered out or background and is summarized 
by what we call boundary conditions. This choice 
of ins and outs creates asymmetry in the way we look at 
things, and it is this asymmetry that permits us to talk 
about “outside intervention” and hence about causality 
and cause-effect directionality.”

—Judea Pearl (p. 419f. of the Epilogue of the 2nd ed of Causality)
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Note: One upshot of this picture is that causal 

reasoning may help us precisely when we have a 

smaller conceptual space—this helps explains its 

value and prevalence as a pattern of reasoning.
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Endogenized interventions on smoking



  

 

  

 

   

   

These graphs are distinguishable using facts / 

observations regarding associations on these 

variables.
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This is achieved with conditioning only.
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By enriching the agent’s conceptual space, 

we’ve reduced causal reasoning to 

probabilistic in the context of SCM.



Let’s get subjective…



What are the probabilities in the enriched 

models?



In SCMs we often treat the probabilities as 

objective features of the world that we’re 

learning about.



But this is disharmonious with a fully subjective 

Bayesian picture.



Can we reduce the probabilities in SCMs to 

purely subjective ones?



Let’s step back and consider an analogy.



Chance & de Finetti’s Representation Theorem



What is chance?



…

Relative frequencies of sequences of flips



…

Relative frequencies of sequences of flips

Propensities in the coin



These accounts have problems—among them, 

that chance appears to depend on our 

knowledge.





Perci flips
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Insight. This is true in general.



•  



Famously, de Finneti gave us an account of this…



•  

De Finetti’s Representation Theorem



De Finetti’s Representation Theorem

…
60%
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Our aim here is to do for causation 

what de Finetti did for chance.



…
60%



…
60%

…



A Representation Theorem for Causal 

Reasoning



Random Matrices

 



Random Matrices

 



Random Matrices
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Plane of independence

in a 4-simplex



Unfortunately, even a system of 2 regular and 2 

intervention variables requires a 35SD simplex.



And to represent our smoking-gene-cancer 

example with 3 regular and 3 intervention variables 

requires a 215-dimensional simplex.



This illustrates the computational advantage of 

causal reasoning in terms of dimensionality 

reduction!



To learn is…



Causal learning here is a special case of probabilistic learning.



Implications



We have shown that interventional reasoning in the 

context of SCMs can be naturalized in the sense of 

being reduced to features of our uncertainty.



This doesn’t diminish that causal reasoning is a 

central pattern of both folk and scientific 

reasoning.



This also doesn’t decide the status of all types of 

causation—e.g., causation in fundamental physics, 

so-called “actual causation,” etc.



Some have claimed that because of the claimed 

irreducibility, purely associational LLMs cannot—in 

principle—reason causally.



“Large language models and other models 

employing associational reasoning cannot reason 

causally.” 

—Zečević et al. 720239 “Causal Parrots: Large Language Models May Talk 

Causality But Are Not Causal” Transactions in Machine Learning Research



Our results provide evidence against such claims.



We provide further evidence that—as many 

thinkers have hypothesized 7Hume, 1739; Russell 

1913; Reichenbach, 1956; Suppes, 1970)—that 

causal reasoning performs a different function, 

perhaps as a heuristic with computationally and 

pragmatically desirable properties—e.g., 

dimensionality reduction—for boundedly rational 

agents. 



If our picture is right, causal reasoning in a smaller 

algebra helps us approximate fully Bayesian 

reasoning in a larger algebra. 

This suggest that there may be other patterns of 

effective approximation.



If our picture is right, causal reasoning in a smaller 

algebra helps us approximate fully Bayesian 

reasoning in a larger algebra. 

This suggest that there may be other patterns of 

effective approximation.



This can also help explain our causal intuitions in 

decision-making contexts, while actually 

supporting evidential decision theory.



Our findings advance the naturalizing project 

articulated by de Finetti 719319, Diaconis and 

Freedman 719809, and Skyrms 719849, among 

others. 



Just as their results show us how probabilistic 

judgments can account for chances without 

reifying them as external entities, we show how 

probabilistic judgments can also account for causal 

relations without reifying them as external entities



Whatever else causation might be, in the context of 

SCMs, it is indeed reducible. 



Happy Halloween.

INSTITUTE FOR 
COMPLEX SOCIAL 
DYNAMICS
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