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Some of animal behavior can be explained by appeal to their internal or mental 

representations. For example, it is usually agreed that rats are capable of path integration 

(even in complete darkness, and when immersed in a water maze) because they maintain a 

cognitive map of their environment. Exactly how and why neural states give rise to mental 

representations is a matter of an ongoing debate. The purpose of this paper is to present a 

general mechanistic framework to analyze representational claims made in behavioral science, 

and offer a way to distinguish genuinely representational explanations from the ones that 

invoke representational talk just for honorific purposes. In particular, it will be shown that 

anticipatory mechanisms involved in rats’ cognitive maps do meet Ramsey’s (2007) “job 

description challenge”: it is clear in what way they are representationally relevant for 

explaining and predicting rats’ behavior.  

First, I introduce the idea of representational mechanisms, which is used to analyze the 

current research in ethology, cognitive science, and neuroscience. Then, I present a particular 

subspecies of representational mechanisms, the anticipatory ones. The framework is then 

applied to the example of cognitive maps in rats. Based on current neuroscientific evidence, it 

is suggested that the mechanisms involved in dead reckoning in rats are anticipatory, in 

contrast to simple ballistic tracking mechanisms present in invertebrates. In conclusion, I 

point out in which way the account of representational mechanisms meets Ramsey’s 

challenge. 

 

1. Representational mechanisms 

The notion of representation has come recently under fervent attack from several camps. The 

proponents of the dynamic and embodied accounts of cognition suggest that the notion can be 

entirely eliminated from behavioral and cognitive sciences (Chemero 2009; Garzon 2008; 

Hutto 1999; Hutto and Myin 2013; Keijzer 2001). Some have argued that at least a large 

number of appeals to representation in cognitive sciences and neuroscience can be explained 

away in a deflationary manner; in particular, simple feature detectors and tracking 

mechanisms do not seem to warrant any genuinely representational talk (Ramsey 2007). In 

addition, proponents of dynamical explanations of cognition charged their opponents with the 

objection that their use of ‘representation’ is overly liberal, by allowing representation in such 

systems as Watt governor, which seems to imply that representations abound but at the same 

are trivialized as far as they are not in any way special to cognitive systems (Van Gelder 

1995; Bechtel 1998; Stepp, Chemero, and Turvey 2011; Nielsen 2010). My strategy in 

answering the attacks will be to sketch a general mechanistic framework, whose purpose is to 

constrain the notion of representation without committing oneself to deciding the features of 

representational mechanisms that may or may not occur in cognitive systems. In other words, 



I will suggest that a large number of questions are not to be answered in this conceptual 

framework and that the particular answers should be given as based on empirical evidence. In 

other words, what I offer is a general specification, or a schema, of a representational 

mechanism, whose particulars are to be decided by referring to empirical evidence. The 

schema may be filled differently as based on extant theories and evidence in particular cases. 

In this paper, one such filling will be offered. 

Also, I do not present a conceptual analysis of the notion of representation; any such analysis 

should offer a lexical definition, but the notion itself is used in many incompatible ways, 

resulting in vagueness, confusion, and ambiguity. Although I do think that my account can be 

treated as precising the current usage, the relationship between the representational 

mechanisms and different notions of representation is the same as between Millikan’s notion 

of proper function and various notions of function in use (Millikan 2002). The term 

‘representational mechanism’ is technical and whether it corresponds or not to what is called 

‘representation’ in everyday speech (or folk psychology) is not my concern here. 

Mechanism is now one of the most successful accounts of explanation in special sciences, and 

has been applied to analyze explanatory strategies in such areas as biology, neuroscience, and 

cognitive sciences (Machamer, Darden, and Craver 2000; Glennan 2002; Bechtel 2008; 

Bechtel 2011; Bechtel and Abrahamsen 2005; Craver 2007; Piccinini 2007; Miłkowski 2013). 

While the definitions of mechanisms offered by various authors accentuate different aspects, 

the main idea can be summarized in the following way: mechanisms are complex functional 

structures, involving organized components and processes (or activities) that interact with 

each other and contribute jointly to a function of the structure. The mechanistic explanation is 

a species of causal explanation, and interactions of components are framed in causal terms. 

For my purposes here, an important distinction is to be made between a complete description 

of the mechanism (sc. complete with regard to causally relevant components), which is 

required for its explanatory relevance, and incomplete descriptions. Craver distinguishes two 

kinds incomplete descriptions of mechanism: a sketch, which represents the mechanism with 

gaps (usually filled with generic filler terms), and a schema, which is a truncated 

representation that abstracts from some details of organization for presentation purposes. 

Importantly, these details are not to be filled with generic filler terms. What I offer below is 

supposed to be a mechanism schema: it will do without using generic terms such as ‘inhibit,’ 

‘encode,’ ‘represent’ but it is still to be considered a template for more concrete 

representations. The present account should not be thought of as offering an abstract 

specification of organization of representational mechanisms, as this organization is not 

explanatorily illuminating without filling out the details. In other words, it is not an 

abstraction in the sense of Levy & Bechtel (2013). 

As many authors argued, there are genuine advantages in using the mechanistic framework in 

analyzing theoretical entities posited in special sciences. One could justify the use of the 

framework just by pointing out that representation is a theoretical entity in behavioral, brain 

and cognitive sciences, so applying mechanism to analyze the account of this entity is just 

natural. But there are specific advantages of using the mechanistic framework. First, the 

mechanistic explanation requires one to specify the capacity (or capacities) of the mechanism 



(the explanandum phenomenon), which is then explained causally. By following this practice, 

we need to ensure both that we specify exactly the capacity of the mechanism – including the 

interest of the researcher who wants to explain it – and that the overall account is causal, 

which is naturally linked with the result of naturalizing representation. Second, mechanistic 

explanation is linked with the focus on organization of the system, in which the mechanism is 

posited. Instead of abstracting away from the exact role of the representation in an organism 

that peruses it, the mechanistic account requires that the role is specified. Representation 

cannot simply float freely without being a part of a complex system. This way, the 

mechanistic framework by itself requires that Ramsey’s challenge be met. 

While representational mechanisms may be used both to explain the work of larger 

mechanisms (also, as explanantia), I will focus them as explananda. However, depending on 

how the explanatory problem is posed, the capacity of a representational mechanism may be 

framed in various manners. Another way to spell out this point is to say that the function 

ascription is interest-dependent: depending on what the theorist wishes to explain about the 

system, the capacity of the representational mechanism may be carved this way or another. 

What is common in all such explanations is that the representational mechanism has a 

capacity to make some information available for the cognitive system (Miłkowski 2013). The 

information in this case becomes semantic as far as it modifies the readiness of the system to 

act this way or another (or, to use a slightly more precise phrase, the conditional probabilities 

of actions of the system are changed accordingly when the information changes, cf. (MacKay 

1969)). Note that in my account of the mechanism, capacities of the mechanism are framed in 

functional terminology; depending on how robust one’s notion of function is, the account of 

representational mechanism may be made more or less similar to the requirements commonly 

accepted in teleosemantics (Millikan 1984; Dretske 1986; Cao 2011), namely that the 

information in question has a function (in some non-trivial sense) to be semantic. 

By framing the capacity of the representational mechanism as modifying the readiness to act 

as based on the information available to the cognitive system, this framework is committed to 

two theses. First, that representation is essentially action-oriented, albeit this orientation does 

not mean that all representation is linked with activation of effectors of the system, or that 

representation is there just to control the motor activity of the system. There might be content 

that is not exploited in action; what is changed is just the readiness to act. It seems that other 

action-oriented accounts of representation try to avoid the charge of introducing a too close 

linkage of representation with motor activity (see, e.g., (Clark 2001)) in a similar vein 

(Anderson and Rosenberg 2008). The notion of action is to be understood in a liberal way, so 

that it includes cognition as well. Second, it makes non-trivial use of the notion of 

information. Though there are various mathematical measures of information, they should not 

be confused with the notion of information, as MacKay (1969) stressed. All I need for my 

purposes here is that there is a physical medium with at least two degrees of freedom (or two 

levels of logical depth) that make difference to the behavior of the system; in other ways, the 

system reacts differently to at least two distinct states of the physical medium. The notion of 

information introduced informally here is equivalent to so-called structural information 

(called logon by MacKay); by introducing senders and receivers, a channel and the 



uncertainty of the receiver, we could use the Shannon’s measures as well. For my purposes 

here, it is not needed, though these measures are applicable as long as one can talk of 

information being received by some subsystem. I leave these technical details however mostly 

aside in this paper. 

The initial specification of the capacity of the representational mechanism is not to be 

confused with a full-blown theory of representation. The mechanism has other important 

capacities cited in explanatory texts. Usually, the notion of representation is introduced to talk 

of targets (or referents, or extension) to which the representation refers, and to talk of the 

characteristics of the targets (or intension). Also, the information cannot simply ‘sit’ there in 

the mechanism; the system has to care about it somehow. Thus, there are at least three other 

capacities of the mechanism in question: 

 (a) Referring to the target (if any) of the representation; 

 (b) Identifying the characteristics of the target;  

 (c) Evaluating the epistemic value of information about the target. 

While the first two capacities bear close resemblance to traditional notions of extension and 

intension, which have been used in one way or another in theories of meaning at least since 

John Stuart Mill (Frege 1960; Carnap 1947; Mill 1875; Cummins and Roth 2012; Millikan 

1984; Cummins 1996), the third one is supposed to link the representational mechanism with 

the work of the agent or system that peruses it. Note that even if the traditional claim that 

intension fully determines extension has been rightly criticized (Putnam 1975), it does not 

mean that the partial determination of extension cannot be at least sometimes successful if 

there are some referents (members of the extension). Realistically speaking, animals that are 

able to detect some typical features of food might err in non-standard environments (one does 

not need to talk of a Twin Earth here to notice the environmental dependence), but partial 

determination might be good enough for them to survive. By including the characteristics of 

the target as one of the possible (though not necessary) features of the representational 

mechanisms, I do not want to suggest that it is impossible for purely extensional 

representations to exist. 

Some might object that including the characteristics of the target violates the principle of 

parsimony. For example, the proponents of the causal theory of reference seem to dispose of 

the remnants of the idea of intension altogether. However, even if their account of some 

neural states as simple indicators is cogent, distributed neural structures cannot be framed in 

terms of a mere hotchpotch of individual indicators. It was even argued that indicators are not 

full-fledged representations just because they do not seem to characterize targets (Cummins 

1996; Ramsey 2007). Also, I am not defending Descriptivism, according to which 

representation always requires description of targets, and the characteristics of the target may 

be (though need not) understood in terms of ‘mental files’ (Récanati 2012). The account of 

representational mechanisms is ecumenical: whether a given system peruses a richly 

structured medium or not is a matter for empirical investigation, and not for armchair 

conceptual analysis. Note as well that referential opacity, which is arguably one of the marks 



of genuine representation (Dennett 1969), is easily explained by appeal to the characteristics 

of the target. Without at least some minimal access to the characteristics (such as knowing the 

label used to identify the target, or having mental files sensu Récanati), intensionality is hard 

to pin down. 

The third capacity of the representational mechanism, namely evaluating the epistemic value 

of information about the target, may seem misplaced, and not directly related to representing 

at all. Granted, sometimes it may be beneficial to abstract away from such factors; for 

example, formal grammars are usually not related to any epistemic values (at least not 

directly, though in some theories, tractability of the computational account is an important 

issue). Nevertheless, in many psychological and behavioral theories, a complete story about 

representing is linked with a story about the value of the representation for the organism in 

question. For example, an ethological story about an animal representing a smell as indicator 

of a predator makes, at minimum, an implicit appeal to the adaptive value of predator 

avoidance. An important point here is that different values may lead to complex trade-offs, 

which mean that truth, accuracy or certainty are not to be treated as exclusive epistemic 

values. For a beaver, it may be beneficial to misrepresent some sound as indicating danger 

rather than to ignore it (Millikan 1989). In other words, behavioral, brain, and cognitive 

theories usually show why the system cares about having the representation in the first place; 

this is related to the representation’s adaptive value. However, the adaptive value may be 

related in various ways with other values here, such as tractability, generality, precision, 

accuracy, truth, or certainty. Also, ignoring some information may be beneficial because of 

the irrelevance of the ignored information for action; for example, city maps, even if created 

from satellite photos, do not depict how cars were parked at the time when the photo was 

taken. Cars are noise for a cartographer. But for a traffic engineer or car park designer, the 

position of cars is essential, and buildings may be noise. In other words, with the same 

available input information, another representation can be created by processing different 

pieces of input, depending of its relevance for one’s goals. For this reason, maximal accuracy 

in preserving all detail is almost never beneficial. 

Although I introduced some examples of epistemic values, not all of them are evaluable (truth 

is not computationally evaluable owing to known incompleteness theorems, for example) or 

practically evaluable. For example, it would be too resource consuming for animal brains to 

evaluate tractability of some algorithms of information processing; a faster and more frugal 

way to deal with speed requirements would be simply to stop processing after some period 

(which may be behaviorally manifested as ‘boredom’ etc.). 

All abovementioned representational capacities are closely interlinked. The semantic 

information that modifies the readiness for action of the cognitive system, which may be in 

the form of characteristics of the target, or simply indicate the target, is what is epistemically 

evaluable. It is time now to introduce the main idea of how the mechanism is organized to 

display these capacities in a stable way. As it will turn out, there are considerations that make 

epistemic evaluation especially important. To evaluate the information already present in the 

system, the mechanism needs to be able to compare two sets of characteristics of the target. In 

other words, epistemic evaluation requires more than negative feedback in the information-



processing mechanism: this feedback simply modifies the system’s input value. What is 

required instead is that the error is detected by the system. The idea that system-detectable 

error gives rise to genuine representationality is by no means new (for an extended argument, 

see Bickhard (1993; 1998)). Let me elaborate. 

Simple negative feedback systems, such as the notorious Watt governor, are not 

representational mechanisms in the sense introduced in this paper. The Watt governor is a 

mechanical device for stabilizing the speed of the steam engine and its work is usually 

explained in terms of control theory; it is used as a metaphor for dynamical account of 

cognition (Van Gelder 1995). The governor includes two heavy balls on a frame that is driven 

by the engine, and the centrifugal force makes them go up or down, and then closes and opens 

the steam valve. In other words, there is negative feedback between the speed as detected by 

the centrifugal governor and the engine. Yet even if one analyzes the Watt governor in 

information-processing terms (as Bechtel (1998) or Nielsen (2010) do), the structure of the 

system does not contain any error-processing routines. Instead of evaluating and modifying its 

previous output information (the “signal” to open or close the valve), it simply changes its 

operation by having different input (balls move up or down). For this reason, Watt governor 

does not detect any error in the information: although in the eyes of the beholder, it might 

have misrepresented the state of the steam engine that it controls, the error is not system-

detectable. 

System-detectability of error may be realized in various ways; for example, when the system 

has two independent sources of information (Dretske 1986), or when previous input 

information is used to predict the future input state, and then is compared with that state. The 

second solution, though somewhat similar to negative feedback, is different in that it 

influences the processing of information on multiple levels. This is typical, for example, for 

contemporary predictive processing frameworks (Clark 2013; Friston and Kiebel 2011). The 

idea of such predictive processing was commonly used in early cybernetics (Boccignone and 

Cordeschi 2012), and has traces at least to biosemiotics of Uexküll (Uexküll 2001a; Uexküll 

2001b), who used special diagrams to depict it. To wit, a model of the future state of the 

system is built, and then the model is compared with that state, when it occurs; from a 

technical point of view, the model becomes another source of information, though not 

statistically independent (this kind of solution is analyzed in the following section). To 

summarize, a complete description of the representational mechanism needs to detail the 

structure of the evaluation subsystem by specifying exactly in what way the mechanism 

detects discrepancy between two pieces of input information or between the model and the 

input information. 

Just because representational mechanisms need to process information (for example, to 

evaluate it), some of their functioning can be couched in computational terms; therefore, 

representation requires computation – but it is not reducible to computation, as the notions 

such as ‘action’ are clearly not computational (for an extended argument about the 

relationship of computation and representation, see (Miłkowski 2013)). 



Let me summarize. The framework of representational mechanisms specifies their capacities 

and describes constraints that various mechanisms must fulfill in order to qualify as 

representational. The constraints, though highly abstract, guarantee not only that the 

mechanisms store and process information that modifies their readiness to act, but also that 

they are (at least in some cases) able to refer to targets, identify them, and (necessarily) 

evaluate the value of information stored. This way, representational mechanisms are able to 

detect that they are in error (via evaluation of the epistemic value) and, at least in some cases, 

are prone to misidentification of targets because of the referential opacity. Both aspects, 

namely system-detectable error (highlighted by Bickhard and Anderson) and referential 

opacity (accentuated by Dennett), have been discussed as the basis for causal relevance of 

content as content. In other words, the Ramsey’s challenge can be met: representation has a 

distinctive role in the representational mechanism. We will see that in detail in the example of 

cognitive maps in rats, introduced in section 3 of this paper. 

 

2. Anticipatory mechanisms 

Anticipatory representational mechanisms not only represent but do so in an anticipatory 

manner; in other words, they anticipate the future characteristics of the represented target. 

Such capacities are posited widely in current cognitive science (Pezzulo 2008; Pezzulo 2011), 

but the conception has roots at least in Helmholtz’s idea of unconscious inferences as inherent 

in active movements of the eye: A motor signal from the central nervous system is sent both 

to the motor system and, as a copy, to an internal forward model (Holst and Mittelstaedt 1950; 

Meulders 2010, chap. 9). Anticipation as the role of representation was posited by diverse 

researchers in behavioral and cognitive sciences. For example, it was popular in American 

pragmatism since Dewey’s (1896) criticism of reducing thought to the reflex arc; in Soviet 

Union, P. K. Anokhin and N. Bernstein conjectured about it in cybernetic models of thinking 

and motor action (Sudakov 1998; Egiazaryan and Sudakov 2007; Sporns, Edelman, and 

Meijer 1998; Bongaardt and Meijer 2000; N. Bernstein 1967); Neisser (1976) made it part of 

his account of perceptual cycle; and Rosen thought that anticipatory systems are the key to 

understanding life (Rosen 2012). Interestingly enough, the idea was more often than not 

reinvented without knowing that it had been already proposed in the past; no wonder that this 

led to ambiguities (Poli 2010). In this paper, I distinguish anticipation from prediction. The 

latter term may be used to refer to a process of inferring current events; for example, in the 

predictive coding framework, the task of the brain is usually to predict current sensations, 

given their causes, and only in generalized predictive coding, the task may cover both current 

and future sensations (Friston, Mattout, and Kilner 2011, 138). In the terminology adopted in 

this paper, only predicting future sensations is anticipatory. 

To posit an anticipatory representational mechanism in a cognitive system is to reject two 

claims. First, it is to reject anti-representationalism. These anticipatory mechanisms meet 

Ramsey’s challenge; by appeal to them, one can show in what way representation is both 

causally relevant and useful for cognitive systems. Second, it is to reject the simplistic idea 



that representing is nothing over and above having information about past and present sensory 

stimuli. But what is the positive claim? 

Let me introduce the idea of modeling relationship as presented by Rosen (Rosen 1991; 

Rosen 2012), as this can be used to shed some light on anticipation. His theory is framed in 

terms of complex diagrams and explicated in category theory, but the idea is straightforward: 

the natural system is modeled by a formal one if and only if the causal process in the natural 

system is congruent with the three elements: (a) measurement of a value of the natural system; 

(b) inference on that value; (c) and the inferred value in terms of some physical quantity. All 

in all, this just means that there is a mapping (at least a homomorphism) between two entities: 

(1) measurement values encoded by the formal system, inferences on values, and inferred 

values, decoded in terms of physical quantities and (2) the natural system. Rosen makes some 

assumptions that are not exactly essential for modeling relationship; for example, one can 

model a natural system in a non-causal manner. The definition of modeling relationship 

should not decide whether non-causal modeling is really modeling or not; it simply needs an 

additional argument, and Rosen failed to offer one. But even opponents of the idea of 

causality in fundamental physics (Russell 1912; Ross and Spurrett 2007) need not reject 

Rosen’s analysis of modeling if they simply substitute ‘causation’ with any term they think 

would best describe the basic structure of physical processes. Also, the notion of inference 

needs not be understood as entailment in a logical calculus (after all, not all formal systems 

are logical calculi, and not all computation in formal systems is simply derivation of steps in a 

proof, even if all formal systems may be described by logical calculi); all we need is that there 

is an algorithm described by the formal system, which encodes measured values, and decodes 

them in terms of physical quantities. Note: Non-encoded values, or values that were not 

measured, are abstracted away, and ignored in models, but this does not undermine the 

modeling relationship. 

Having defined the modeling relationship, we can now define the anticipatory system as the 

one “containing a predictive model of itself and/or of its environment, which allows it to 

change state at an instant in accord with the model’s predictions pertaining to a later instant” 

(Rosen 2012, 312). It becomes clear that based on values measured in the cognitive system 

itself or in its environment the model is fed with these values and used to predict their later 

states. Importantly, without the model, there would not be any changes of states in the 

anticipatory system (and it would not be an anticipatory system in Rosen’s sense). 

One important distinction between two kinds of anticipatory systems was introduced by 

Dubois (2003). Namely, weak anticipation (or exo-anticipation) uses externally produced data 

to internally model future states of the environment, while strong anticipation (or endo-

anticipation) uses internally produced data to model future internal states (cf. also Collier 

(2008)). Some authors argue that strong anticipation is not necessarily related to internal 

models and point to phenomena of anticipating synchronization (Stepp and Turvey 2010). In 

this case, however, strong anticipation might be reducible to the weak one, at least 

explanatorily. And, especially in the case of coupled and synchronized systems, one might be 

tempted to eliminate the notion of representation altogether. However, in anticipatory 



representational mechanisms, the organization of the mechanism requires more than 

anticipating synchronization. 

Let me elaborate. The anticipatory representational system has a capacity to derive its own 

future state, and that future state is evaluated epistemically, for example by comparing 

whether there is a discrepancy between expected sensory information (the future state) and 

actual sensory input. The discrepancy is then, typically, used to correct the error for future 

derivations of states. Basically, any anticipatory system that has such error correction 

mechanisms is already a representational mechanism in my sense. Anticipating 

synchronization in strongly coupled dynamical systems does not have any role for error 

correction, and hence it need not be representational at all. 

3. Anticipation, error, and path integration 

Cognitive maps in rats are one example of representations that have a long history in the 

debates in psychology (Tolman 1948). For a theory of mental representation, they are a 

specially interesting case: they seem to be structured, even compositional, but not reducible to 

language-like symbol media (Rescorla 2009), they constitute an instance of what Cummins 

(1996) called S-Representation without being simply picture-like representations.  

At first, cognitive maps seemed to be inevitable in explaining navigational capacities of rats, 

but later on, the role of cognitive maps has been questioned; even if contemporary 

neuroscience vindicates an idea of cognitive maps by locating them in hippocampus (Redish 

1999; O’Keefe and Nadel 1978; Derdikman and Moser 2010), it is still not universally 

accepted that rats peruse them in navigation, or ‘path integration’, as this ability is usually 

called. Tolman wasn’t very clear when he introduced the term ‘cognitive map’ and gave no 

definition in his seminal paper; no wonder that the term is used to mean different things, and 

one may enumerate at least three meanings commonly occurring in the literature: (1) the 

trivial one, in which a cognitive map is whichever mechanism involved in spatial navigation; 

(2) the loose one, in which the map is simply any representation that models the geometric 

aspects of the environment; (3) the strict one, in which cognitive maps have a format typical 

for maps, so they not only represent geometric aspects but do that in a geometric manner 

(Rescorla 2009, 381). Now, obviously, cognitive maps in the trivial meaning are always 

present in all spatially navigating animals, but only trivially so. The debate about the 

existence of cognitive maps in rats is obviously over the loose and strict meaning. The 

question then is whether navigation of rats really depends on cognitive maps. 

The reason given for skepticism is that even in the circumstances, in which the use of 

cognitive maps would be beneficial, rats seem to unable to reach their goals (Benhamou 1996; 

Whishaw 1991). Usually, they seem to prefer simple visual cues, and for that reason, there 

would be no reason to assume multimodal path integration in rats; their behavior would be 

fully explainable in terms of tracking the environmental cues, just like tropisms or taxis in 

simpler organisms. Invertebrates seem to navigate successfully without multimodal 

integration (Cruse and Wehner 2011). 



The whole story about rats is however much more complex. Behavioral experiments confirm 

that at least in some cases, rats are able to return to their starting position, even if they were 

exploring the environment in complete darkness, devoid of smell (in a water platform or a 

water maze), and without whiskers to orient towards walls, simply by using their motor 

signals and vestibular system (Cheung et al. 2012). There are also fairly successful 

neurocomputational models of this ability (Conklin and Eliasmith 2005). The main problem 

with confirming the hypothesis about cognitive maps is that experiments need to be conducted 

in darkness, and one of the kind of neural cells responsible for navigation, head direction 

cells, become unstable after three minutes in darkness, while place and grid cells (other 

components of the neural system of navigation) seem to fire stably for another half an hour. 

Cheung et al. have shown that path integration beyond three minutes is theoretically 

implausible but landmarks alone (even if they are known perfectly) cannot suffice for a stable 

positional representation. Hence, a complex organization emerges, one that involves both path 

integration and cue tracking. 

In other words, path integration in rats is not modular (or encapsulated in the sense of Fodor 

(1983)): it uses various kinds of information. In principle, it could be modular, just like in 

insects, but the hippocampus in rodents has a function of integration of various sources of 

information (Lisman and Redish 2011). More precisely, there are hypotheses (Conklin and 

Eliasmith 2005) that this integration involves using sensory information for error correction. 

For this reason, the architecture of the system underlying navigation in rats seems to 

correspond to what I have dubbed ‘a representational mechanism.’ In addition, this 

mechanism is anticipatory: the error correction concerns the prediction made by the path 

integration system, as its function is to predict the location of the rat as based on its previous 

location and his own motor commands. When the prediction is in conflict with data from 

memory (a landmark is found in an unexpected location), the system updates its predictions. 

A skeptic might say that what is predicted is not the future location of the rat but its current 

location; hence, the representational mechanism is merely predictive and not really 

anticipatory. 

However, there is empirical evidence that landmark location is retrieved in an anticipatory 

fashion, leading to phenomena called “phase precession”: experiments show that many spikes 

fired by place cells actually represent a position ahead of the rat (Lisman and Redish 2011, 

261). These spikes do not occur when the animal is put on the running wheel. In other words, 

there is a specific way of modeling the future location in place cells (using phase precession 

that does not occur normally, so the rat can distinguish between anticipating and actually 

being located at the landmark). But these anticipations are only about locations less than a 

meter from the current position of the rat that the animal will usually arrive at in several 

seconds. Rats, however, according to some (Naqshbandi and Roberts 2006) seem to lack 

prospective memory, or the kind of memory involved in planning future action at larger 

timescales, even if there is some indirect evidence for it (Wilson and Crystal 2012). Whatever 

the case may be, the anticipation in representational mechanisms is not required to span larger 

timescales at all. 



The ability to predict future location ahead of the rodent is just part of the complex 

mechanism of path integration, which is still poorly understood. But mere evidence of 

anticipatory encoding of location does not suffice to establish that the path integration 

mechanism is actually representational. As I claimed in the section above, what is needed as 

well is an evaluation subsystem. There is evidence that when people realize that they make 

mistakes (for example, when forced to solve tasks very quickly), there is specific error-related 

negativity in recordings of their electrical brain activity (P. S. Bernstein, Scheffers, and Coles 

1995; Coles, Scheffers, and Fournier 1995; Wessel et al. 2012). Also, there is a specific kind 

of neural encoding of prediction error related to reward, particularly in the mesolimbic 

dopaminergic system (Schultz and Dickinson 2000), and the dopamine signal encodes for 

“prediction error” (Fiorillo, Tobler, and Schultz 2003). What is to be expected in rats is that 

some such evidence to be found, and there are studies that confirm exactly that for head 

direction neurons (Valerio and Taube 2012). So even if the overall structure of the mechanism 

is unknown, it seems fairly plausible that rodents have abilities that seriously outstrip mere 

reactive landmark tracking. Owing to the multimodal nature of information integrated in the 

hippocampus, the mechanism of path integration will comprise multiple error correction 

mechanisms for all sensory systems and for different kinds of neural cells involved in 

navigation. 

Let me wrap up. I argued that it is plausible to hypothesize that anticipatory representational 

mechanism is involved in path integration in rats. Rats are able to detect errors in their 

representation, which is found at least for head direction cells and is plausible for other 

hippocampal cells, and that fulfills one of the criteria for representational systems. Also, 

misidentification of location is possible, and even if that is undetected by the rat, it is 

explainable by assuming that it misrepresented the location. In other words, referential 

opacity is possible for cognitive maps. 

 

4. Conclusion 

The account of representational mechanisms is sufficient to answer Ramsey’s challenge. It 

points out that there are at least two ways in which representations are causally relevant: by 

being referentially opaque, they are indispensable in explaining behavior, especially in cases 

of misrepresentation; and when their being in error is detectable by the system, it shows that 

the system really treats them as representations. In other words, they are not just factors useful 

in predicting and explaining the system’s behavior; they are specifically representational 

factors.  

Anticipatory mechanisms are subspecies of the general category of representational 

mechanisms; one that is particularly important for biological reasons. Simply, ruminating 

about the past seems to be much less biologically valuable than planning ahead and avoiding 

future danger. This said, I do not want to suggest that other kinds of representational 

mechanisms cannot exist. Obviously, we humans can ruminate about our past. Also, 

predictive mechanisms, as posited for example in the Bayesian account of the brain, can be 

used to determine current sensory input. Knowing the current situation is just as biologically 



important. At the same time, a growing body of evidence shows that there are multiple 

mechanisms geared specifically towards anticipating the future. 

In the case of path integration in rats, the account of anticipatory mechanism, along with the 

empirical evidence cited, vindicates representational talk about cognitive maps. Granted, 

current knowledge of neural mechanisms in rats is incomplete and the overall organization of 

navigational system in rodents may turn out to be different from what is hypothesized today. 

But for my purposes this is not so important. The point was to show that anticipatory 

representational mechanisms are entities that are explanatorily and predictively relevant. By 

assuming that they operate during navigation, we make robust predictions (for example, that 

there will be a specific kind of anticipatory spiking).  

Representational talk about cognitive maps is not just a matter of convenience, and my 

argument for using it is not based on the assumption that more facts can be subsumed under 

representational generalizations than under neural generalizations (this is one of the most 

popular arguments for representational explanation, cf. (Pylyshyn 1984)). By positing 

representational mechanisms, we may have a similar level of generality as before. But 

generalization is not the most important factor in explanation: After all, generalization may 

occur at the price of abstracting from details, and the account of navigation in terms of simple 

taxis or tropisms could be extrapolated from invertebrates to rodents, yielding certainly a 

higher level of generalization. Yet by using the account of representational mechanisms we 

may discover the function of neural organization and understand why there are error 

correcting pathways at all. In other words, there is no real worry that the notion of 

representation may turn out to be eliminable here; the function of neural mechanism is to 

represent, and to establish this, one needs not to warrant that there must be a gap between 

representational explanations and neural explanations. In this case, integration of evidence at 

multiple levels of organization of mechanisms seems to be much more important than the 

purported autonomy of talk at individual levels. 
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