
The purpose of this paper is to briefly summarize theories regarding the role of 
probability in human cognition. Theories discussed are generative model-based 
approaches such as hierarchical predictive coding and Bayesianism; the 
heuristics and biases program; the frequentist hypothesis from evolutionary 
psychology; and statistical learning.  
 
Generative Model-Based Approaches 
 
Generative models statistically simulate observable data based on probability 
functions. In the context of cognition, the generative model-based approach 
entails there being a mental framework in which the observable data of the world 
are assumed to be generated by causally structured processes (Perfors & 
Tenenbaum, 2011; Clark, 2013). According to Goodman and Tenenbaum (2013), 
“The generative approach to cognition posits that some mental representations 
are more like [scientific] theories in this way: they capture general descriptions of 
how the world works.” Thus generative model-based theories may help explain 
cognitive processes in which inductive inference is necessary for dealing with 
uncertainty, and in which an internal model or representation of how the world 
works aids in rapid processing of incoming data.  
 
Predictive Coding 
  
In mammalian perceptual systems, information flows bi-directionally between 
hierarchically organized populations of neurons. For instance, in the human 
visual system, incoming sensory data are first transduced at the retinas, after 
which sensory information flows further into the brain up a hierarchy: from the 
retinas to the lateral geniculate nucleus (LGN), then to the primary visual cortex 
(V1), the secondary visual cortex, association areas, and other cortical areas. 
However, for undetermined reasons, much of the flow of information is feedback; 
it is estimated that 80% of the input to the LGN comes not from the retinas but 
from V1 and other areas of the brain, such as the thalamus and the brain stem 
(Bear et al., 2016). Prior to this discovery it was widely assumed that the visual 
system was only feedforward.  
 
The question of what purpose it serves for brain systems to have so much 
downward-flowing information is addressed by predictive coding theories. Such 
theories posit that perceptual systems are structured as hierarchically organized 
sets of generative models with increasingly general models at higher levels 
(Winkler & Czigler, 2012). Theories vary in scope, with some focusing on only 
sensory perception, and others proposing a unifying framework that includes all 
cognitive functions.  
 
The hierarchical predictive processing hypothesis—also hierarchical predictive 
coding (Rao and Ballard, 1999), prediction error minimization (Hohwy, 2013), or 
action-oriented predictive processing (Clark, 2013)—says that at each level of a 
hierarchical brain system, predictions of what the incoming sensory data are 
most likely to be are encoded by populations of neurons. Prediction signals are 



transmitted backward (or downward) through the system where they meet with 
feedforward (or upward-flowing) signals. The extent to which a prediction and 
incoming sensory data mismatch is the extent to which there is an error in the 
prediction. Prediction errors result in error signals that are transmitted forward 
through the system; the error signals are then accounted for in the predictive 
processing, thus resulting in revised predictions. Predicted sensory data are 
inhibited from moving forward; the data have already been accurately predicted, 
so there is no need for revision processing at higher levels. This constant, multi-
level process of prediction and error correction continuously minimizes 
prediction error. When error is minimized, a prediction is a close match to the 
incoming sensory data, thus the prediction is highly accurate. Percepts may be 
considered optimized predictions about what is in the world. 
 
According to action-oriented predictive processing or active inference accounts 
(Friston, 2010), the actions of an organism alter and select its sensory input, 
which serves to actively reduce prediction error. Furthermore, feedback 
prediction and feedforward error-correction processes are employed in 
proprioception and other sensorimotor modalities. The conclusion is that all 
sensory and motor processing is predictive processing. According to Friston 
(2011), “The primary motor cortex is no more or less a motor cortical area than 
striate (visual) cortex. The only difference between the motor cortex and visual 
cortex is that one predicts retinotopic input while the other predicts 
proprioceptive input from the motor plant.”  
 
Another important dimension of predictive processing is the notion that error 
signals vary in strength, or weighting, and that this encodes uncertainty, or 
precision, which explains aspects of attention. Feldman and Friston (2010) write, 
“attention entails estimating uncertainty during hierarchical inference about the 
causes of sensory input. We develop this idea in the context of perception based 
on Bayesian principles, under the free-energy principle. … In these generalized 
schemes, precision is encoded by the synaptic gain (post-synaptic 
responsiveness) of units reporting prediction errors” (Friston, 2008).    
 
Predictive processing models are not relegated to only perception and action. 
Downing (2013) writes, “These predictive facilities may underlie our common-
sense understanding of the world and may provide support for cognitive 
incrementalism (Clark, 2014)—the view that cognition arises directly from 
sensorimotor activity.” As an example of a particularly high level cognitive 
function that as been included in the purview of predictive processing, Hirsh et 
al. (2013) propose that “narrative representations function as high-level 
generative models that direct our attention and structure our expectations about 
unfolding events.” 
 
Clark (2013) writes, “action-oriented predictive processing models come 
tantalizingly close to overcoming some of the major obstacles blocking previous 
attempts to ground a unified science of mind, brain, and action.” There are critics 
of such a grand unified theory. Some assert that the brain is far too complex to be 



unified by a single framework (Anderson & Chemero, 2013), and that many 
functions do not fit neatly into such frameworks (Sloman, 2013). Others argue 
that the computations proposed to underlie predictive coding models are 
intractable (Kwisthout and Rooij, 2013). Perhaps most pressing are criticisms 
about the scant neurophysiological evidence for predictive coding: “…to date no 
single neuron study has systematically pursued the search for sensory prediction 
error responses” (Summerfield & Egner, 2009; Clark, 2013).  
 
Bayesianism 
 
Bayesian theory is often inextricable from predictive coding theory. According to 
Bayesian theories, many of the tasks the brain is doing, if not most, are ultimately 
solutions to a problem in probability, or a set of problems in probability. Brain 
processes operate based on the assumption that observed data are the result of a 
generative process in the world (or body), and processes such as perception, 
movement, and learning may be considered Bayesian, or Bayes optimal.  
 
Bayesian optimality entails maximizing (optimizing) the probability that a 
hypothesis is true given the data (evidence). Bayes’ theorem—
p(hi|d)=p(d|hi)p(hi)/∑hj∈Hp(d|hj)p(hj)—says that the probability that a particular 
hypothesis is true given the data (the posterior probability) is equal to the 
probability that one would see those exact same data if the hypothesis were true 
(the likelihood) times the probability that the hypothesis is true (the prior 
probability), divided by that same product for all other possible hypotheses that 
could explain the data, i.e. the sum of all other hypotheses given the data times 
the probability of each of the hypotheses. Bayes’ theorem is a formula for optimal 
inductive inference—it captures the transition from data to knowledge.  
 
In Bayesianism, Bayes’ theorem (or a variant application of Bayesian conditional 
probability) is considered a normative description of what happens as a result of 
the process of weighing evidence and prior experience. For instance, in visual 
perception, “evidence” is photons on the retina, “prior experience” is the 
collection of memories of previous visual percepts, “hypotheses” are 
representations of what is being looked at, and the “posterior probability” 
corresponds to a stable percept. This is why Bayesian theories are so often paired 
with theories of predictive coding—the hypotheses (representations) of 
Bayesianism are the predictions (internal models) of predictive coding.  
 
“Bayesianism” is actually a package of closely related theories and research 
projects, many of which entail implementing Bayesian inference into a machine 
learning system, for instance empirical Bayes methods, hierarchical Bayesian 
models, and causal Bayes networks. In computational neuroscience, the aim is to 
compare the functional output of the computer system to that of humans. When 
there is close similarity, it is considered evidence that the computer system might 
resemble that of the human system. Evidence is considered compelling in cases 
where a Bayes-optimal artificial neural network, en route to developing a 
particular function (e.g. vision), self-organizes to become similar to that of the 



brain (e.g. Rao & Ballard, 1999)—or when both a Bayesian system and a human 
system perceive the same illusions or make the same predictions (Weiss et al., 
2002), which also demonstrates the fact the optimality does not entail always 
being correct. According to Chater et al. (2006), “many of the sophisticated 
probabilistic models that have been developed with cognitive processes in mind 
map naturally onto highly distributed, autonomous, and parallel computational 
architectures, which seem to capture the qualitative features of neural 
architecture.”  
 
Object-word acquisition in children is an example of a higher cognitive task that 
Bayesian models may help explain. Research by Xu and Tenenbaum (2007b) 
tested a Bayesian model in which, for any given word, the prior embodies “the 
learner’s expectations about plausible meanings,” which includes “a hypothesis 
space…of possible concepts and a probabilistic model relating hypotheses…to 
data,”; the likelihood “captures the statistical information inherent in the [word] 
examples”; and the posterior “reflects the learner’s degree of belief that [a 
particular hypothesis] is in fact the true meaning of [a particular word].” After 
experiments with children who were able to properly choose objects of a given 
made-up name despite only being given one example, Xu and Tenenbaum 
conclude that this is evidence for the strength of the Bayesian model. Such a 
model may explain how children are able to acquire word meanings with ease 
despite what seems to be a paucity of guiding examples. 
 
Marcus and Davis (2013) argue that there are two issues in Bayesian research 
regarding cognition: “task selection” issues and “model selection” issues. The 
argument for task selection issues is that for any given ability—intuitive physics, 
word learning, extrapolation from small samples, etc.—there are tasks that 
strongly suggest that humans have optimal ability, and others that strongly 
suggest that we do not. Thus task selection has been theory-confirming because 
non-confirming tasks are not being reported. As for the issue of model selection, 
they argue that the experimental data are theoretically accounted for by 
probabilistic models that are overly dependent on the way priors are chosen post 
hoc: “Without independent data on subjects’ priors, it is impossible to tell 
whether the Bayesian approach yields a good or a bad model, because the model’s 
ultimate fit depends entirely on which priors subjects might actually represent” 
(Marcus & Davis, 2013). Thus claims about optimality rest on the fact that the 
model chosen to explain the data is precisely the model (out of numerous 
possible models) that says the behavior was optimal.  
 
Bowers and Davis (2012) argue points similar to Marcus and Davis, that “there 
are too many arbitrary ways that priors, likelihoods, utility functions, etc., can be 
altered in a Bayesian theory post hoc.” They further claim that in many cases of 
Bayesian models that support the data in some experiment, there are often non-
Bayesian heuristic models that work just as well. There is also a lack of 
neurophysiological evidence for Bayesian coding theories—for how “populations 
of neurons compute in a Bayesian manner”—and the scant evidence that does 
exist is “ambiguous at best.” Their final point is that Bayesian models lack the 



proper constraints—they tend to be constrained only by the problem to be solved 
and the available relevant information. A proper psychological model must be 
constrained by biology and evolution.  
 
Free-Energy Minimization 
 
According to Friston (2013), “predictive coding is a consequence of surprise 
minimisation, not its cause.” Here surprise—also surprisal (Tribus, 1961) or self-
information—is an information theoretic term referring to the negative log 
probability of a given state. A state is more surprising to an agent if it is less 
probable—which entails the agent having expectations for what is more or less 
likely to be the state of the world. The state of the world is transduced by sensory 
organs, so surprising states are surprising sensory data. Hence, as Hohwy (2015) 
puts it, “the brain’s job is to minimize the surprise in its sensory input—to keep 
the organism within a state in which it will receive the kind of sensory input it 
expects.”  
 
Surprisal is an evaluation of the expectation of sensory input; when high, it 
corresponds to a state in which the world has not been well predicted. Surprisal 
cannot be directly evaluated or minimized—an agent cannot directly assess the 
degree to which it expected to be in its current state, nor can it adjust its level of 
expectation (Hohwy, 2013). However, it is possible to evaluate and minimize free 
energy. Free energy is “expected energy minus the entropy of predictions” 
(Friston, 2013); it is akin to prediction error, and revising predictions can 
minimize prediction error. Thus minimizing surprise is accomplished by 
minimizing free energy, i.e. minimizing sensory entropy (Ashby, 1947) is 
accomplished by minimizing the relative disorder in predictions.  
 
Rather than say that an agent has an internal, generative model of the world, 
Friston says that the agent is a model, that “the form, structure, and states of our 
embodied brains do not contain a model of the sensorium–they are that model.” 
This means that “every aspect of our brain can be predicted from our 
environment,” which if true has practical implications for neuroanatomy and 
neurophysiology (Friston, 2013). For instance, due to the fact that there are 
objects in the world whose locations are variable, our brains have evolved to have 
separate neural representations for object identification and object location, i.e. 
the “what” and “where” pathways.  
 
A popular critical question concerning free-energy minimization is the so-called 
Dark-Room Problem: if an agent is systematically self-commanded to minimize 
prediction error, why doesn’t it seek an environment that is maximally 
predictable, such as a completely dark room? Why don’t we avoid surprise? The 
argument is that the free-energy minimization framework, and perhaps any 
prediction-error framework, fails to account for our tendency to seek out and 
enjoy unpredictable environments and activities. The response to this from 
Friston (and Clark) is that complex, dynamic, surprising environments and 
activities are exactly what our system expects (Clark, 2013).  



 
Heuristics and Biases 
 
The heuristics and biases program was developed to replace the inadequate 
classical theory of rational choice. In the classical theory, a person makes 
decisions by considering the probability of a possible outcome and the utility of 
that outcome. According to proponents of the heuristics and biases program, 
rational choice is inadequate as a theory because it ignores systematic error 
making, and it assumes people know and utilize the axioms of probability in 
decision making, which is untrue. The heuristics and biases program claims that 
people use heuristics: automatic, intuitive methods for making assessments and 
decisions under uncertainty. In the two-systems version of the heuristics and 
biases program (Kahneman, 2003), there is “system one”—the always-on source 
of quick and automatic assessment heuristics—and “system two,” which is slower 
and more analytical, and perhaps more logical as a result.  
 
Heuristics reduce a set of options to one that will likely be accurate enough. 
Heuristics-based judgments are considered “quick and dirty,” but Kahneman and 
Tversky do not consider them irrational, merely statistically imprecise (Gilovich 
et al., 2002). The failings of heuristically-based rationality (biases) are typically 
violations of probabilistic laws, the most common failures being not anticipating 
regression to the mean, not giving adequate weight to the sample size in assessing 
the importance of evidence, and not taking base rates into account when making 
predictions. Kahneman and Tversky (1982) write, “…a system of judgments that 
does not obey the conjunction rule cannot be expected to obey more complicated 
principles that presuppose this rule, such as Bayesian updating, external 
calibration, and the maximization of expected utility.” However, they say it is 
important to realize that biases are not the result of laziness. Biases are the result 
of reasoning methods that simultaneously afford quick decision-making and 
reduce the risk of grave consequences or major missed opportunities.  
 
The three heuristics that Kahneman and Tversky originally described, which they 
targeted most often in their experiments, are termed availability, 
representativeness, and anchoring & adjustment (other heuristics are forecasting, 
overconfidence, optimism, and counterfactual thinking). When people employ 
the availability heuristic, they assess likelihood by whatever the most accessible 
or salient examples are that come to mind—not by what is statistically most 
likely. The representativeness heuristic entails basing judgments of category 
membership on the degree of similarity someone or something has to a 
stereotype. Use of the representativeness heuristic leads to base rate neglect and 
the conjunction fallacy. The anchoring and adjustment heuristic is in play 
whenever someone attempts to guess an uncertain quantity or fact by making 
adjustments based on whatever their starting “anchor” was. Anchors can be far 
off the mark and are susceptible to priming effects; adjustments are often 
insufficient; and biases occur in the evaluation of conjunctive and disjunctive 
events.  
 



The heuristics and biases program is criticized for four main reasons. First, some 
say that it denigrates “human decision makers as systematically flawed 
bumblers.” (Ortmann & Hertwig, 2000). Barone et al. (1997) ask, “are heuristics-
and-biases experiments cases of cognitive misers’ underachieving, or are they 
receiving a Bayesian hazing by statistical sophisticates?” The concern is that the 
profound reasoning abilities of humans is being ignored or underappreciated, 
and that when it comes to the tasks humans needed to master during our 
evolutionary development, we are experts. A second critique is similar and says 
that the reason participants in the heuristics and biases experiments faired so 
poorly has more to do with the tricky nature of the problems they were given than 
any actual systemic short-coming, and that in real-life situations people fair far 
better.  
 
A third critique says that the standard of rationality that people are being held to 
in the experiments is too high. Cohen (1981) says that “human intuition is the 
source of our standards of rationality, thus how can the sources of our standards 
of rationality prove to be irrational? By definition, human intuition must be 
rational.” A fourth critique, similar to the third, is that using probability theory as 
a normative standard for rationality is misguided, and that assessments of one-
shot probabilities is an inappropriate diagnostic tool. Rather, human cognition 
deals with frequencies extremely well, thus we should be tested based on 
frequencies. Gigerenzer (1994) claims that the evidence for heuristics and biases 
“disappears” when probabilistic questions are reworded to be frequency 
questions.  
 
However, according to Samuels et al. (2002), “The alleged conflict between 
evolutionary psychologists and advocates of the heuristics and biases program 
has been greatly exaggerated. The claims made on either side of the dispute can, 
we maintain, be plausibly divided into core claims and mere rhetorical flourishes.  
And once one puts the rhetoric to one side almost all of the apparent 
disagreement dissolves.”  
 
The Frequentist Hypothesis 
 
Evolutionary psychologists propose that we are normative reasoners relative to 
the environments in which our forebears evolved. The environment of 
evolutionary adaptation (EEA) refers to the collection of possible physical, 
biological, and social features to which our forebears adapted. Due to a multitude 
of distinct recurring EEA circumstances, evolutionary psychologists posit that 
adaptations are domain-specific rather than domain-general, meaning no general 
or unified reasoning capacity would have been sufficient for adapting to the 
specific domains or features of the EEA. As such, evolutionary psychologists have 
suggested that humans have modular rational capacity. This is the premise of the 
massive modularity hypothesis, which states that the brain is composed of many 
“Darwinian modules” (Samuels et al., 2004)—reasoning mechanisms that are 
highly specialized adaptations to the problem types of specific domains or 
features of the EEA.  



 
This approach to the study of human reasoning involves constructing possible 
Darwinian modules through “evolutionary analysis.” The hypothetical modules 
constructed are tested “by looking for evidence that contemporary humans 
actually have a module with the properties in question” (Samuels et al., 2004). 
One hypothesis that has been tested is the frequentist hypothesis.  
 
Frequentist probability differs significantly from Bayesian probability. 
Frequentists say that probabilities of unique events are not probabilities at all, 
rather that a probability is the relative frequency of an event occurring over an 
infinite or very large reference class (Cosmides and Tooby, 1996). The frequentist 
hypothesis claims that humans have a reasoning module for taking in frequency 
information and producing frequency estimates, thereby estimating the 
likelihood of an event occurring. The theoretical foundation of the hypothesis is 
that our forebears survived partly by correctly basing their decisions on an 
understanding of success frequency, such as by choosing to hunt where they were 
often able to find and kill game. Tests to demonstrate this are designed to show 
that when people are asked to make probabilistic judgments in which prior 
probabilities must be accounted for, they tend to correctly judge the likelihood of 
an event occurring if the scenario is presented as a problem involving observable 
frequencies rather than more abstractly as a problem about percentages or other 
mathematical concepts. The results of such tests, notably those conducted by 
Cosmides and Tooby (1996), show that a higher accuracy rate is achieved on 
frequentist problems than on the same problems not posed in terms of frequency.   
 
In frequentist versions of Kahneman and Tversky’s famous feminist bank teller 
question (1982), participants were asked to state the frequency of the various 
possible choices occurring in a given number of people who fit the description. 
Participants were significantly less likely to make the conjunction fallacy in the 
frequentist version than in the original (Fiedler, 1988; Hertwig & Gigerenzer, 
1999). In experiments in which the “Harvard Medical School problem” was 
reworded to be in terms of frequencies (Cosmides & Tooby, 1996), and for which 
a solution in terms of frequency was asked, 76% of participants gave the correct 
(Bayesian) response, whereas in the original experiments (Casscells et al., 1978) 
only 22% answered correctly. Cosmides and Tooby say, “The frequentist 
representations activate mechanisms that produce Bayesian reasoning, and that 
this is what accounts for the very high level of Bayesian performance elicited by 
the pure frequentist problems that we tested.” Gigerenzer says this is due to the 
fact that “Bayesian algorithms are computationally simpler when information is 
encoded in a frequency format rather than a standard probability format” 
(Gigerenzer 2000a). Simplicity is afforded by operating on natural numbers 
rather than percentages, and by there being fewer necessary operations. 
 
Most claims stemming from the massive modularity hypothesis are controversial. 
The frequentist hypothesis is criticized for both its rationale and for being 
underdetermined by evidence. In the case of Gigerenzer’s explanation that the 
frequency format makes Bayesian computation simpler, though that may be true, 



Amitani (2008) argues that it does not alone suffice to demonstrate that we have 
a specific adaptation for it, i.e. a frequentist reasoning module; a domain-general 
mathematical ability would also fair better when computations are simpler.  
 
In response to the claim that alternatives to the massive modularity hypothesis 
are computationally intractable (Samuels, 2012), critics (Fodor, 1983, 2000; 
Samuels, 2005; Barrett & Kurzban, 2006) say that it is neither necessary nor 
sufficient that computational tractability be achieved by modularity (domain-
specificity and encapsulation)—the necessity of domain-specific modules is 
underdetermined. Furthermore, the sufficiency of such modules is prevented by 
the notion of encapsulation, which says that modularity prohibits top-down and 
horizontal influences on processing; such processing is clearly an aspect of 
neurophysiology and is necessary for solving problems that require a multi-
faceted approach. For instance, given the flexibility and globality necessary for 
processing the many possible inferences one could make about the semantic 
content of any given sentence, language processing seems unlikely to be 
constrained by reasoning modules, at least if modules are considered to be highly 
restricted in their access to information. However, Barret (2006) argues that 
“many systems, including central ones, might have wide access but narrow 
processing criteria,” which might allow for both modularity and the spread of 
information across many different modules in the global system of the brain. 
 
Statistical Learning 
 
Language is a digitally infinite system, meaning that the number of expressions 
producible and understandable is infinite. Language ability entails possessing an 
infinite capacity for language production, yet learned from finite data. How 
young language learners effortlessly accomplish this feat is a fundamental 
question in linguistics (Chomsky, 1959). Most approaches assume that the 
combinatorial operations of linguistic systems are both structurally secured by 
genetically endowed principles physically instantiated in the brain, and 
determined by structures and constraints encountered in the public code of 
language. Some approaches assume that most of language ability exists by virtue 
of the public code, whereas others assume most ability is genetically endowed. 
Regardless, learning a language entails an interface between the innate structures 
and the public structures. Importantly, natural language has discernable 
statistical properties. A theory for how the statistical properties of language are 
discovered by learners is known as statistical learning (Erickson & Thiessen, 
2015)—or more generally, implicit learning (Perruchet & Pacton, 2006). Such 
statistical-tracking ability for language acquisition may be fundamental to other 
learning abilities, or perhaps to all learning. 
 
The theory that language acquisition is dependent upon statistical learning rests 
on there being statistical regularities in phonetic strings, such as in the 
distribution of sounds in words and the order of word types in sentences. Implicit 
knowledge of statistical regularities can be acquired without direct feedback, i.e. 
without explicit explanation. By tracking such regularities, infants are believed to 



discover, for example, native-language consonants (Maye, Werker, & Gerken, 
2002), word boundaries (Saffran, Aslin, & Newport, 1996), and rudimentary 
syntax (Gomez & Gerken, 1999; Saffran & Wilson, 2003). Both children and adult 
learners implicitly discern predictive relations after only brief and passive 
exposure to artificial grammars and lexicons (Misyak and Christiansen, 2007). 
Seminal research by Saffran (1996; 2001b) in artificial grammar learning 
suggests that predictive relations depend upon pairing, principally adjacent 
pairing, i.e. phrasal units between phonemes or lexical members that are more 
likely to be adjacent. In English, examples are the relatively likely phonetic 
combination of l and y at the end of words (adverbs), the prefix un- preceding 
numerous words, or verb and preposition pairs, such as going to. Gomez (2002) 
has shown the importance of nonadjacent pairing, such as an article that predicts 
a noun later in a string.  
 
Corroborating evidence comes from studies demonstrating that sensitivity to 
phonetic elements increases or decreases depending on the presence or absence 
of those elements in the language an infant is learning (Polka et al., 2001); 
tracking regularities of adjacency and non-adjacency entails a further degree of 
sensitization to the speech tokens of the language being acquired. Additionally, 
given the importance of prosody (e.g. stress cues) in segmentation (Johnson & 
Seidl, 2009), combining statistical information with prosodic information may 
afford even greater trackability. Of further importance are the statistical 
relationships between strings of phonemes (words, phrases) and the objects and 
events present and occurring simultaneously (Yu & Smith, 2007; Vouloumanos, 
2008). More coherence is gained by the way the attention of a learner is guided 
by the speaker (e.g. by pointing, or turning the child to face the referent).  
 
Given that statistical learning in language is dependent upon sound parsing and 
categorical learning mechanisms, it may be that music learning (including music 
appreciation) shares the same mechanisms. Studies testing this theory suggest 
that it is true for many musical abilities, such as the creation of tonal hierarchies 
and the shaping of melodic expectations (Krumhansl, 2000; Oram & Cuddy, 
1995; Cohen, 2000; Huron, 2006). Furthermore, given that other kinds of 
perceptual input may be sourced from systems with statistical regularities, 
statistical learning mechanisms might be central to learning in general. Evidence 
for this has emerged in many modalities, such as human action sequences 
(Baldwin et al., 2008), visual processing (Fiser & Aslin, 2002a, 2002b), 
visuomotor learning (Hunt & Aslin, 2001), and tactile sequence learning (Conway 
& Christiansen, 2005).  
 
There are two main criticisms leveled against statistical learning theories of 
language acquisition. First is that much of the purported evidence for implicit 
learning of statistical regularities comes from simplified artificial grammars and 
lexicons in which an abnormal level of recurring patterns is experienced by the 
learners. This means that the evidence is not based on the phonetics or prosody 
of natural language, neither on the full complexity of natural language, nor on the 
typical rate of occurrence of similar phonemes or patterns in short intervals of 



time. As such, the role of statistical properties in language acquisition as 
measured in experiments may not scale up to natural language learning in 
normal circumstances (Erickson & Thiessen, 2015). 
 
The second argument is that statistical learning theories tend to downplay the 
importance of genetic endowment. The reasoning is that the profound 
similarities of languages around the world cannot be accounted for without 
innate knowledge of linguistic universals common to all humans. This means that 
the statistical regularity of language may not be what really matters in language 
acquisition (Pinker & Bloom, 1990).  
 
Other Theories and Approaches 
 
Several other theories and approaches ought to have been included in this 
summary but were not: support theory; control theory; inhibitory control theory; 
signal detection theory; dual systems theory; analysis-by-synthesis; the 
perception-to-action cycle; information self-structuring; deep belief networks; 
discriminative models; Markov-chain models; categorization and cue validity; 
causal reasoning and probabilistic causality; the multi-layered dual-process 
approach to conditional reasoning; exemplar theory and generative models of 
phonology. 
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