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Planning is the model-based approach to solving control

problems. The hallmark of planning is the endogenous

generation of dynamical representations of future states, like

goal locations, or state sequences, like trajectories to the goal

location, using an internal model of the task. We review recent

evidence of model-based planning processes and the

representation of future goal states in the brain of rodents and

humans engaged in spatial navigation tasks. We highlight two

distinct but complementary usages of planning as identified in

artificial intelligence: ‘at decision time’, to support goal-

directed choices and sequential memory encoding, and ‘in the

background’, to learn behavioral policies and to optimize

internal models. We discuss how two kinds of internally

generated sequences in the hippocampus – theta and SWR

sequences – might participate in the neuronal implementation

of these two planning modes, thus supporting a flexible model-

based system for adaptive cognition and action.
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Introduction
The ability to imagine and plan for the future is increas-

ingly recognized as a central aspect of brain function; yet,

its computational and neuronal principles are poorly

understood [1–3]. Artificial Intelligence (AI) theories

describe planning as the model-based approach to solving

control problems [4–7]. Model-based control methods

select actions on the basis of predictions of action out-

comes, which are generated using an internal model of the

task; and are distinct from model-free control methods,

which select actions based on learned stimulus-response

mechanisms, without looking at the future [8–11].
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A hallmark of planning is using an internal model – akin to

what Tolman [12] called a ‘cognitive map’ – to generate

sequences of future actions or states, for example,

sequences of actions that achieve an explicit goal like

‘being in location X’ or an implicit goal like ‘maximizing

reward over some time horizon’. These cognitive opera-

tions are quite elusive to study, as they are largely

endogenous (i.e. not stimulus based) and covert (i.e.

not immediately apparent from behavior).

Here, we review recent studies that have unveiled plan-

ning dynamics and representations of future states and

goals when rodents are engaged in spatial navigation;

while also briefly mentioning analogous human studies.

We organize the review around two main planning modes

that have been identified in AI research — planning ‘at

decision time’ versus ‘in the background’ (see Figure 1).

Planning at decision time: supporting goal-
directed choices and sequence encoding
In AI, the most classical use of model-based planning is

supporting action selection at decision time [10,13]. Plan-

ning at decision time permits agents to predict the out-

comes of alternative action courses, thus supporting the

flexible deliberation between them. This form of delib-

erative, goal-directed choice is especially effective when

an animal faces novel situations and needs to generalize

beyond its previous experience [14,15]. Long ago, Tol-

man described an intriguing form of deliberation during

rodent spatial navigation: ‘vicarious trial and error’ (VTE)

behavior [16]. When rodents reach decision points, such

as junction points in a maze, they sometimes pause, orient

and reorient back and forth, between alternative spatial

trajectories or goals, as if they were deliberating between

them (see also Ref. [17] for evidence of VTE in humans).

VTE occurs during the first trials of exposure to environ-

ments whose reward contingencies are unknown, and

tends to disappear after training, consistent with a gradual

shift from deliberative to routine strategies.

Recent rodent studies have addressed the neuronal dynam-

ics accompanying deliberative and VTE behavior in neural

structures that are key for goal-directed spatial navigation,

and most prominently the hippocampal-entorhinal system

[18��]. This system may support an allocentric spatial map,

in which functionally specialized cell types provide metric

elements (e.g. place cells that encode specific places within

an environment, border cells, head direction cells and
Current Opinion in Behavioral Sciences 2019, 29:69–76

mailto:giovanni.pezzulo@istc.cnr.it
https://doi.org/10.1016/j.cobeha.2019.04.009
http://crossmark.crossref.org/dialog/?doi=10.1016/j.cobeha.2019.04.009&domain=pdf
http://www.sciencedirect.com/science/journal/23521546


70 Artificial intelligence

Figure 1
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The functions of planning ‘at decision time’ and ‘in the background’ discussed in this review; and their putative links to hippocampal theta and

SWR sequences.
vectorial representations of spatial goals) and a reference

frame (e.g. grid cells) [19–23].

An especially important role for spatial navigation and

planning may be played by sequential assemblies of hippo-

campal cells [24,25�]. When a rodent is actively engaged

in a task, its hippocampal place cells fire in sequential

population patterns called theta sequences [26]. These are

endogenously generated (but time-compressed)

sequences of place cell activation, where individual cells

typically code sequentially for the animal’s previous

location, its current location and a few future locations.

The ‘theta’ refers to the fact that they are locked to

specific phases of the hippocampal theta rhythm (yet

in bats the coupling can occur outside theta [27]). Theta

sequences have been interpreted as mechanisms of mem-

ory encoding [28] but – as they code for future locations –

also of short-term sequence prediction [29] or predictive

coding [24]. In this perspective, theta sequences may be

manifestations of a model-based mechanism that contin-

uously estimates the present (e.g. self-localizes) and pre-

dicts the future (e.g. paths to a goal location) [25�,27,30�];
and these two operations may happen at distinct parts of

each theta cycle [22].
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Interestingly, when a rodent approaches a difficult deci-

sion point, theta sequences can ‘sweep forward’ from the

animal’s current location, to serially represent the choice

alternatives, such as the branches of a maze [31�]. The

causal involvement of forward sweeps in deliberative

choice remains to be firmly demonstrated. However,

several findings point in that direction. First, forward

sweeps seem to occur preferentially during VTE behavior

and only during early learning phases [18��]. Second, in a

task where rodents had to select multiple goal locations,

theta sequences often stretched towards the to-be-

selected goal location [32]. Third, during forward sweeps,

neurons in the ventral striatum (an area that forms a

circuit with the hippocampus and which encodes moti-

vational and reward contingencies) fire in a coordinated

manner with the hippocampal theta rhythm [33].

Taken together, these findings are evocative of a model-

based control system, in which theta sequences would

serially code for possible plans (e.g. spatial trajectories to

goal locations), to be evaluated by other brain structures

including the ventral striatum [34–36]. The fact that theta

sequences still occur after training (yet without ‘sweeping

forward’ at decision points) suggests that a predictive
www.sciencedirect.com
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control schemeremainsalways in place, but its depth canbe

adjusted [35,37]. Note that the interpretation of theta

sequences in terms of prediction and planning is not

necessarily incompatible with their widely assumed role

in sequential memory encoding [28]. Rather, predictive

processes may support the detection of event boundaries

[39] and the segmentation of experiences into behaviorally

significant sequences (e.g. of spatial or other events in time

[38]), which then form the building blocks of memories.

Other brain areas that form circuits with the hippocampus

may participate in the model-based control scheme

described here. For example, prefrontal areas may gate

deliberative, control planning depth and represent spatial

goals [40–44] and grid-cell representations may partici-

pate in forward spatial simulations [45]; see Refs.

[25�,30�,46,47] for computational proposals.

Another rodent study focused on sequential choices during

spatial navigation [48], by adapting a two-step decision

task that was designed to expose (non-spatial) planning in

humans [49–51]. It found that VTE behavior occurred at

both the successive decision points, but was more sensi-

tive to task contingencies in the earlier of the two,

suggesting that this is the phase where the deliberative

process is more flexible. A lever pressing version of the

same two-step decision task provided strong evidence

that the hippocampus supports planning computations,

by showing that its inactivation produces planning impair-

ments [52�]. Furthermore, it showed that sequential

hippocampal dynamics (with neurons encoding relevant

task segments rather than locations) may support non-

spatial deliberation [53], suggesting the generality of the

model-based scheme discussed here.

Human studies of planning during navigation revealed a

similar network as the rodent studies, with a more diffuse

involvement of the medial temporal lobe (not just the

hippocampus) and of prefrontal areas [54–58]. Interest-

ingly, compared to rodent studies, human studies tar-

geted more complex forms of spatial planning involving

multiple goals and subgoals — which may explain the

involvement of prefrontal mechanisms for cognitive con-

trol and temporal abstraction. A study in which partici-

pants navigated in a circular arena described network-

level interactions between hippocampus and prefrontal

cortex during navigation, which flexibly codes for routes

and subgoal locations; while other brain regions (the
parahippocampal cortex, perirhinal cortex, and retrosplenial
complex) putatively supporting the (fictive) visualization

of future spatial contexts [59��]. Another study revealed a

flexible circuit for replanning, in which the lateral pre-

frontal cortex provides prediction error signals about path

changes, frontopolar and superior prefrontal areas refor-

mulate the plan or subgoal, and the hippocampus simu-

lates the new path [60]. Finally, another study revealed a

network of caudal prefrontal structures that permits
www.sciencedirect.com 
humans to address rather complex planning tasks, by

using a hierarchical strategy that focuses on relevant

subgoals (i.e. junction stations in a subway), while ignor-

ing irrelevant spatial-temporal details [61��]. (See also

Refs. [62,63] for evidence of sequential goal and subgoal

coding in monkey prefrontal areas, when the animals are

engaged in a multi-step decision task in a ‘virtual’ navi-

gation.) These findings parallel the well-recognized

importance of hierarchical planning, abstraction and sub-

goaling in AI [64,65] and underlie the quintessentially

goal-based structure of higher cognition [66,67]. They are

important to test scalable planning algorithms that we use

to address large-scale, real-world problems, beyond the

rather restricted experimental situations that are more

commonly studied.

Planning in the background: training
controllers and optimizing internal models
Planning processes can also operate ‘in the background’,

to support learning and future action selection. As illus-

trated by the Dyna model, a (model-based) planning

process can self-generate or replay ‘fictive’ experience

to train a (model-free) controller, which is ultimately

responsible for action selection at some later time [68–70].

Similarly, several recent reinforcement learning algo-

rithms replay experience off-line (from a model or a

memory pool) to decorrelate inputs, speed up the learning

process and bias it to over represent the most important

contingencies [71]. Apart for training a controller, one can

use planning ‘in the background’ to continuously update

an internal model or cognitive map, to generalize or

integrate fragmented experiences [25�,72,73]; and then

use this always-updated model for model-based deci-

sions. All these forms of planning ‘in the background’

usually operate when the agent is not engaged in a task

and use large batches of experiences to support learning

of global task characteristics. However, they can also

operate just before a choice, using contextually appropri-

ate sets of experiences to support the current action

selection problem. For example, a planning process can

self-generate or replay those experiences (fictive or real)

that are most relevant for the current choice situation, to

train a controller that has to solve it or to calculate on the

fly a local value function. This is similar to planning ‘at

decision time’, but the actual action or policy can be

selected by a controller (e.g. model-free) that is distinct

from the planner itself.

Sequential neuronal dynamics reminiscent of ‘planning in

the background’ and experience replay have been long

observed in the rodent hippocampus. Like theta

sequences, they resemble (time-compressed) sequential

experiences. However, they are generated during sharp
wave ripples (SWR): very fast neural population patterns

which occur during off-line states of the brain, associated

with consummatory behavior and non-REM sleep

[74�,75], see Ref. [25�]. SWR are typically non-local
Current Opinion in Behavioral Sciences 2019, 29:69–76
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and encode trajectories or events that are distinct from the

animal’s current location (but their statistics during sleep

and the awake state are different, see Ref. [25�]). For

example, when an animal sleeps or rests, the hippocam-

pus can ‘replay’ sequences of place cells in the same (or

the opposite) order as were encoded when the animal

navigated an environment, thus coding for a traversed

spatial trajectory, or its reverse [76]. This suggests that the

hippocampus stores and ‘replays’ recent (episodic) mem-

ories during off-line periods and sleep, to consolidate

(semantic) memories in the neocortex [77]. The finding

that (reverse) replay statistics are biased by motivational

events such as reward delivery [78] suggests an alternative

interpretation in terms of reinforcement learning, where a

Dyna-like system biases the replays towards the more

(reward-related) salient locations [79�,80] — a mechanism

that also improves performance in machine learning [81].

Another set of studies link SWR sequences with planning

processes justbeforeachoice,whentheanimal is in theawake

state.AforagingstudyprovidedintriguingevidencethatSWR

sequences preferentially depict future paths to goal locations,

suggesting an involvement in prospective planning [82��].
Note that unlike theta sequences, these SWR sequences

occur when the animal is in the awake state but not directly

engaged in navigation. A causal study showed that disrupting

SWR sequences (using optogenetics) immediately before

difficult choices impairs them (while leaving easier choices

intact), which suggests that SWR may support working mem-

ory [83] or train/fine-tune a controller immediately before a

difficult choice. Another study showed that replays can pref-

erentially depict paths to be avoided (e.g. shock zones) and

support inhibitory avoidance behavior [84].

A third set of studies show that the idea that SWR

sequences ‘replay’ recent experience, or the most pressing

motivational events, may be too restrictive. One study

where rodents were trained in two distinct portions of a

maze in different sessions shows preferential replays of the
other and not the current portion; and also valid but unexper-

ienced trajectories, such as shortcuts that the animalhadnot

experienced [85]. Another study shows that a reward reval-

uation procedure, in which one goal type is made more

salient, shifts SWR sequences away from that goal location

[86]. Other rodent studies found close resemblances

between hippocampal sequences before and after actually

experiencing a novel environment, lending support for

forms of prospective coding or preplay, whose interpreta-

tion is currently debated [24,87–89]. All these studies

suggest that SWR sequences may update an internal model

by performing internal operations (e.g. re-consolidate old

experiences, model reduction) that go beyond the imme-

diate necessities of a controller [25�,47,72,90,91]. In this

perspective, the ‘replays’ may be seen as manifestations of

sampling dynamics [92–94] or variational iterations [90] of

the probabilistic inference implemented by an internal

(generative) model.
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Recent human studies devised ways to decode fast

sequential neural activity from neuroimaging recordings,

while humans solve (spatial and non-spatial) planning

tasks. These studies revealed fast sequences of task-

related state representations, which are putatively analo-

gous to SWR sequences in rodents [95,96�]. Interestingly,

one study found that when state representations are

experienced in a semantically incorrect order, they are

neurally ‘replayed’ in the semantically correct order [97],

lending support to the idea that they stem from an

internal model and contribute to updating it [25�].

Summing up, and open issues
Our review exemplified how two kinds of internally

generated hippocampal sequences (theta and SWR

sequences) may participate in the neural implementation

of two planning modes (‘at decision time’ and ‘in the

background’) that use ‘fictive’ experience from a model

(or more weakly, a memory) for decision-making, memory

consolidation, and learning. This model-based control

perspective may help clarifying the multiple, sometimes

disconnected roles attributed to hippocampal sequences,

from memory to prospective functions [18��,25�,91].
Future study will need to assess whether and how the

two modes may interact synergistically; for example, by

shifting from short-term (theta) to long-term (SWR) pre-

diction and planning, or encoding (theta) and simulation

(SWR) [25�,83,98].

Our review has highlighted the prominence of sequential
brain dynamics to support navigational planning. While

we mostly focused on the hippocampus, many other brain

areas such as the entorhinal cortex [99], the ventral

striatum [100] and the prefrontal cortex [101] show

replay-like sequential activity, sometimes in a coordinate

manner; whether and how they implement a systems-

level planning architecture remains an open question.

Another aspect that is incompletely known is how these

sequential assemblies act in acoordinated mannerwith other

(not necessarily sequential) neural codes for goal locations or

directions to goals (e.g. vectorial representations) to jointly

support spatial planning. The studies we reviewed suggest

that the coding of spatial trajectories  to goal locations (using

sequential dynamics but also static codes, for example, cells

for goal-specific trajectories [102,103]) is more prominent –

or at least easier for us to study in rodents – compared to the

coding of goal locations proper. Yet some salient or structural

aspects of the environment, such as reward locations or

passages, are preferentially coded, for example,with a higher

density of place cells [104].

This points to the fact that efficient model-based com-

putations benefit from optimizing the model (or cognitive

map) itself. This can be done, for example, by learning

state representations that support efficient planning and

prediction [35,105,106]; or that automatically include
www.sciencedirect.com
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(predictive) information about their possible successors,

for example, successor representations [107–109]. What

the content (and the ‘metric’) of the cognitive maps that

we use for spatial navigation in the hippocampus and

surrounding structures is remains a heavily discussed

topic. Proposals vary, suggesting that they encode Euclid-

ean distance and the path distance to goals [110], topo-

logical [111] or graph-like representations [112], patches

of 2D and 3D codes [27], deep structural aspects of a

problem, such as its temporal community structure [113]

that afford efficient hierarchical planning [64,65,114], or

global (relational) codes that support long-term predic-

tion, without chaining multiple short-term predictions

[114–117] (see also Refs. [19,118] for a discussion of

how global codes may explain cognitive maps at large).

Finally, another limitation of current planning studies is

that we have limited understanding of the specific (perhaps

approximate) planning algorithms that allow us to face the

complexities of the real world, where methods like exhaus-

tive tree search would be intractable. Some candidate

approximations have been tested (yet mostly at the behav-

ioral level), including pruning unpromising branches,

search only until a reliable (cached) habitual pattern can

be retrieved or until sufficient discriminative evidence for a

plan is gathered [35,119�,120–122]; hybrids of model-based

and model-free or habitual controllers [37,123–125]; and

hierarchical schemes [65,126–128]. AI research has devised

many other planning approximations, such as heuristic

planning, various way to transform the problem specifica-

tion to render planning more tractable [9], and combina-

tions of sample-based planners (e.g. Monte Carlo Tree

Search) and deep nets that can solve complex games

[119�,129], whose plausibility remains to be tested. More

broadly, testing-specific algorithmic implementations of

planning in the brain is a task for which a strict collaboration

between AI and neuroscience is indispensable [130].
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Buzsáki G: Hippocampal sharp wave-ripple: A cognitive
biomarker for episodic memory and planning. Hippocampus
2015, 25:1073-1188.

An extremely detailed and comprehensive review of hippocampal sharp-
wave ripples.
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89. Ólafsdóttir HF, Barry C, Saleem AB, Hassabis D, Spiers HJ:
Hippocampal place cells construct reward related sequences
through unexplored space. eLife 2015, 4:e06063.

90. Friston KJ, Lin M, Frith CD, Pezzulo G, Hobson JA, Ondobaka S:
Active inference, curiosity and insight. Neural Comput 2017,
29:2633-2683 http://dx.doi.org/10.1162/neco_a_0099.
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