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Abstract: Rejecting the claim that human reasoning can approximate generally NP-hard 

Bayesian models—in the sense that the mind’s actual “computations” come close to, or 

be like, the inferences that Bayesian models dictate—this paper addresses whether a 

Bayesian model can have normative pull on human reasoners. For such normative pull 

to arise, we argue, a well-defined and empirically supported approximation relation is 

required—but broadly absent—between (i) human reasoning on the ground and (ii) the 

behavior of a non-NP-hard model. We discuss a responsible stance on this issue. 

 

 

Extended abstract: Cognitive science has been moving away from logical models, 

towards probabilistic ones, particularly Bayesian models (Johnson-Laird et al., 2015). 

These models have generally featured in accounts of human reasoning at the 

algorithmic level (Marr, 1982). Regular slippage between Marr’s three levels (Oaksford, 

2015), however, may have contributed to the virulence of the claim that Bayesian 

models have a “normative pull” on actual reasoners, and so may serve as a normative 

yardstick for rational human behavior.  
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 The slippage here is between the use of ‘rational’ in Anderson’s (1990) program 

for rational reconstruction (Griffiths et al., 2012), where ‘rational’ denotes ‘behavior 

adapted optimally to an organism’s representation of a task and an environment’, onone 

hand, and the more traditional, fuller sense of ‘rational’, namely: normatively correct 

inferential choice-behavior, on the other. This latter sense is invoked, for instance, when 

preferences are said to remain transitive and thus save agents who (must) choice-behave 

from being Dutch-booked. Since choice broadly includes choosing what to believe and 

how to act, the slippage also occurs in recent work on reconstructing and evaluating 

natural language argumentation (e.g., Korb, 2013; Hahn & Oaksford, 2007; Hahn & 

Hornikx, 2016; Zenker, 2013). Slippage may also have productive aspects, of course. 

But it remains at best unclear how the normative pull of a Bayesian model properly 

arises, if it does (Woods, 2012; Oaksford & Chater, 2012).  

 The paper’s first part reviews the more technical side of an ongoing debate 

regarding the claim that human reasoning can approximate a Bayesian model, in the 

sense that the mind’s actual computations come close to, or may be similar to, behavior 

that the formal model dictates. Theoretical work in computer science shows that 

Bayesian reasoning is generally NP-hard (Roth, 1996), and can even remain so as the 

complexity of a Bayesian network is reduced. By contrast, under suitable 

assumptions—regarding the parameter space, the network size, and the relevance of 

intermediate variables, for instance—some Bayesian algorithms may deliver outputs in 

at time-scales that are realistic for human reasoners (Kwisthout, 2011; Kwisthout et al., 

2011; van Roij et al., 2012; van Roij, 2015; Rijn et al., 2013). But these assumptions 

neither pertain to Bayes’ update-rule nor to its role in making the network run. 

Therefore, some so-modelled episode of reasoning R1 may plausibly be an algorithmic-

level candidate for a formal model of actual reasoning. But this may not hold for 

another such episode R2. What obtains, or not, thus depends on the particulars of a case. 

 While knowledge of the exact condition(s) under which a Bayesian model is not 

NP-hard is subject to ongoing research, extant results indicate that “smaller,” more 

“local” episodes of reasoning could plausibly be Bayesian inferences. How close 

outputs from such episodes then come to those delivered from heuristics is an open 

question (see Blackmond Laskey & Martignon, 2014). It nevertheless seems clear that a 
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responsibly meaningful sense of ‘approximation’ has not been forthcoming. Hence, the 

general claim that human reasoning may approximate Bayesian inference is currently 

not readily meaningful. 

 As the paper’s second part argues, on this background it may seem that Bayesian 

models of inference can after all have normative pull on human reasoners, namely for 

these “local” cases which are computationally tractable. For the sake of argument, 

however, one can even grant the (counterfactual) claim that a well-defined and 

mathematically demonstrated approximation relation holds between a computationally 

tractable model and an NP-hard model. A related question now is whether one has a 

well-defined and empirically supported approximation between human behavior on the 

ground and the behavior of this tractable model (Fig. 1). 

 

Computationally  
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Fig. 1: To grant the approximation relation between a non-tractable and a 

tractable model (left arrow) shifts the issue towards ascertaining whether 

an approximation relation holds between the tractable model and actual 

human reasoning (right arrow). 

 

 This new question obviously shifts the problem, and makes empirical facts 

relevant. Since computationally tractable models can easily, and massively, outrun what 

humans can do even when they perform at their best, this places some weight on the 

ascertainability of an approximation relation between actual behavior and the tractable 

model.  
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 The paper’s third part hence discusses the reasonability of assuming that human 

reasoning can approximate the non-tractable model, an issue that Earman (1996) has 

aptly summarized as follows: 

 

“Eschewing the descriptive in favor of the normative does not erase all 

difficulties. For ‘ought’ is commonly taken to imply ‘can’, but actual 

inductive agents can’t, since they lack the logical and computational powers 

required to meet the Bayesian norms. The response that Bayesian norms 

should be regarded as goals toward which we should strive even if we 

always fall short is idle puffery unless it is specified how we can take steps 

to bring us closer to the goals” (p. 56). 

 

Rather than wishing to pass a final verdict, we primarily seek to make audiences (more) 

sensitive to this issue. 
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