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Abstract

The neuroscience of planning has long been analogized to search algorithms in artificial 

intelligence (AI), which simulate future actions to guide immediate choices. We argue that 

advances in both neuroscience and AI suggest that planning is better understood to encompass 

a broader class of computations where mental simulation supports learning, often well before 

a decision is needed. We review three neurocomputational mechanisms that illustrate this shift. 

First, hippocampal replay resembles search but also often occurs prospectively or offline, 

likely training downstream circuits rather than directly guiding choice. Second, temporally 

abstract representations, such as grid cells, can enable planning without iterative search. Third, 

metalearning may shape how prefrontal dynamics implement task-specific planning strategies, 

echoing how AI systems learn to adapt across contexts. This view recasts the brain’s planning 

machinery as a family of learning processes that leverage simulations to build representations and 

strategies, with forward search as one special case.

1. Introduction

In the brain sciences, the study of planning—indeed, even the idea that planning is a 

discrete function to be studied—has long been driven by analogy to a class of algorithms 

from artificial intelligence (AI) known as tree search. Most tree search algorithms in AI, 

from the earliest chess and checkers players (Shannon 1950, Samuel 1959) to modern 

refinements with superhuman performance (Campbell et al. 2002, Silver et al. 2016), center 

around forward search through the “tree” of future board positions. Psychologists have 

long envisioned that a similar simulation-based search mechanism might underlie biological 

decision-making in many behavioral domains beyond board games, endowing humans and 

even animals with the capability to flexibly discover novel courses of action appropriate 

to whatever circumstance they find themselves in (Tolman 1948, Dickinson 1985, Daw 

et al. 2005). These psychological theories rested on two key ideas drawn from a stylized 

version of their AI counterpart: that the brain learns a world model (or cognitive map) 

to mentally simulate actions, and that this simulation unfolds as a forward search from 

the current situation at the time of the decision (Figure 1a). While this framework aligned 

well with gross behavioral capabilities, the details of how such an algorithm would run in 

the brain remained unclear, largely because such hypothetical search occurs covertly and 

is difficult to infer from behavior alone. This limitation motivated a more recent turn to 
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neural measurements in an attempt to more directly observe such model-based simulation 

and search.

Here, we revisit this evidence, exploring the neuroscience of planning in light of recent 

progress in AI. In doing so, we argue that the classical view of planning as forward search 

to guide the next choice is, at best, too narrow: a rather unrepresentative special case of a 

more general family of computations. Instead, we argue that planning is better understood 

as any type of mental simulation that enables learning, often to improve behavior further 

in the future. In turn, the mechanisms of planning are themselves fundamentally sculpted 

by learning in ways that go well beyond the stereotyped search algorithms derived from a 

simple analogy with AI. This argument is grounded in recent developments in both AI and 

neuroscience.

The current explosion of AI dramatically demonstrates that the fundamental engine of 

intelligent behavior is learning from data (Sutton 2019, Kaplan et al. 2020, Hoffmann et 

al. 2022). In light of this, the usefulness of simulation models lies not only in helping to 

select the next action but also in their ability to generate limitless, synthetic experience from 

which one can learn to improve many future choices. Such learning need not, and typically 

does not, happen at choice times: On the contrary, having a model frees the learner from 

entrainment to real-world events and enables learning that is faster, safer, and more scalable 

than learning from real-world interaction. Indeed, in modern AI—most obviously in the 

case of large language models, but even in apparently purer examples of game tree search 

such as AlphaGo—the benefits of model-generated data disproportionately accrue through 

precomputation and learning during pretraining, rather than through situation-specific search 

when a decision is faced (Silver et al. 2016, Hamrick et al. 2020, Ruoss et al. 2024).

In psychology and neuroscience, a similar theme is emerging in planning research, 

emphasizing the critical role of precomputation, often via learning from model-generated 

data. In what follows, we review this theme in light of three (not mutually exclusive) 

neurocomputational mechanisms. First, we consider planning via iterative search, most often 

associated with neural replay. This is the case closest to the classical picture, but both 

behavioral and neural experiments indicate that the same mechanisms are often engaged 

prospectively to compute appropriate responses well before a choice is needed (Wimmer & 

Shohamy 2012, Gershman et al. 2014, Momennejad et al. 2018, Liu et al. 2021, Miller et al. 

2022, Nicholas et al. 2025) (Figure 1b).

Second, we consider planning without search. Converging lines of work suggest that world 

models can also be built to support long-run predictions, enabling flexible planning without 

iterative simulation (Dayan 1993) (Figure 1c). Neurally, these theories intersect with ideas 

about the function of the grid cells of the entorhinal cortex, which represent physical space 

(and other metric feature spaces) with periodic functions that capture distant relationships 

(Hafting et al. 2005, Stachenfeld et al. 2017). Such planning-specialized representations 

must, of course, be built for each task, though the emerging picture of this process looks 

rather different than the classical picture of learning a one-step world model for search 

(Whittington et al. 2020, Piray & Daw 2025).
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Finally, such learning is one example of the critical role of metalearning in planning. In 

machine learning, this idea formalizes how an agent’s strategy for within-task learning can 

be adapted (metalearned) by outer-loop training across an ensemble of tasks. This process 

is again most dramatically exemplified by large language models, whose powerful learning 

in context is enabled by pretraining of the model weights (Brown et al. 2020). Neurally, this 

idea has been used to suggest how activity dynamics in the prefrontal cortex (PFC) can be 

shaped to enable bespoke computations for particular tasks, including planning (Wang et al. 

2018) (Figure 1d). Coming full circle, this puts a modern spin on venerable psychological 

ideas of classic planning being supported by working memory in PFC, though again, the 

more computational view emphasizes that this type of planning is not generic but instead 

shaped by task-specific adaptations.

2. Planning as learning from simulated experience

2.1. Planning as forward search

The most intuitive form of planning, which dominated early research in both AI and 

cognitive science, is online forward search from the current situation. Partially inspired 

by recordings of human chess masters who verbally reported considering sequences of 

future moves (De Groot 1946), early AI researchers formalized planning as a search 

through the tree of possible future states, evaluating each to find an optimal path to the 

goal (Shannon 1950, Newell & Simon 1956). To manage the combinatorial explosion of 

possibilities—where each additional step multiplies the number of states to consider—these 

algorithms employed heuristic functions that efficiently estimate a state’s value without 

exhaustive evaluation, guiding search toward promising trajectories while pruning less 

favorable branches (Russell & Norvig 2010). This paradigm achieved iconic success in 

systems such as IBM’s Deep Blue, which defeated world champion Garry Kasparov in 

1997 by searching millions of chess positions per second, guided by sophisticated evaluation 

functions (Campbell et al. 2002).

Behavioral evidence has long suggested that humans evaluate actions through a similar, 

albeit vastly more selective, forward search process. The “think-aloud” experiments 

mentioned above indicated that expert chess players explore only a small, carefully chosen 

subset of possible moves rather than exhaustively considering all options (De Groot 

1946). Later work began to characterize more precisely the specific strategies humans use 

to manage limited cognitive resources: By analyzing choice patterns in small, carefully 

designed toy problems, researchers concluded that people adaptively limit their search depth 

to a fixed horizon (Keramati et al. 2016) and prune branches of the decision tree that 

are unlikely to yield rewards, sometimes to the point of overlooking genuinely beneficial 

options (Huys et al. 2012, 2015). Large-scale computational modeling of behavior in a much 

more complex two-player game, four-in-a-row, indicated that in this setting, human choices 

and reaction times are well-explained by a best-first search algorithm employing simple 

feature-based heuristics to focus computation on the most promising moves (van Opheusden 

et al. 2023).

Notably, this study further highlights a critical dependence on precomputed knowledge to 

guide the search and fill in values for parts of the tree not searched. For four-in-a-row, 
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the model of human play relied on a static evaluator—a heuristic function that can quickly 

estimate a board’s value based on built-in knowledge about the value of different board 

features. Although less often emphasized in cognitive science analogies, similar static 

evaluators are a ubiquitous component of AI game players, from the earliest checkers 

players (Samuel 1959) to AlphaGo (Silver et al. 2016). In all these cases, the evaluators’ 

parameters must be somehow learned or precomputed, which in the case of AlphaGo (whose 

deep network evaluator was pretrained over millions of games of selfplay) is arguably the 

secret sauce primarily responsible for its superhuman performance. Learning to evaluate 

a novel situation without further search, then, is one way in which the success of human 

planning emerges not from search alone but from the interplay between online simulation 

and offline learning—a theme that, as we see below, extends far beyond the traditional 

picture of forward search at decision time. This process is also similar to, but goes beyond, 

simply learning the value of specific, individual situations or actions, which in neuroscience 

is widely viewed as a model of automatization or habits (Daw et al. 2005).

Early attempts to localize the neural substrates for planning via search implicate a wide 

network of brain regions, perhaps because the underlying computations implicate many 

different cognitive functions (among them working memory, attention, reward, and cognitive 

control). Two areas—PFC and hippocampus—are particularly implicated. Patients with 

frontal lobe damage show severe impairments on planning tasks even when they can 

articulate the rules, suggesting that the PFC is necessary for such tasks (Shallice 1982). 

Functional neuroimaging confirms that activity in the dorsolateral PFC (among other areas) 

scales with planning difficulty (Duncan et al. 1996, Unterrainer & Owen 2006). How these 

areas contribute mechanistically has been less clear (and a point to which we return in 

Section 4), but key ideas include working memory (where the term working emphasizes 

the need to manipulate, not just maintain, the tree of future possibilities) and associated 

executive and cognitive control (Baddeley 1992).

The hippocampus appears to be involved in mental simulation in ways that (at least in 

rodents) appear to provide a more direct window into the content of the simulations 

themselves. During spatial navigation, hippocampal place cells exhibit theta sequences—

rapid, ordered activations that represent upcoming locations, which may support online 

lookahead akin to the forward search in AI systems, albeit only at relatively short range 

(Johnson & Redish 2007, Kay et al. 2020, Comrie et al. 2024). During pauses or rest, 

hippocampal activity includes sporadic sharpwave ripples (SWRs), within which replay 

events often form longer, extended trajectories that start at the animal’s current location and 

project toward known goals (Pfeiffer & Foster 2013). These replayed trajectories can even 

represent novel paths around known obstacles and have been shown to predict subsequent 

behavior in a content-specific manner (Gupta et al. 2010, Singer et al. 2013, Widloski 

& Foster 2022). Despite the challenges of relating rodent navigation to human multistep 

decision-making, these results point to the intriguing possibility that hippocampal sequences 

reflect forward planning, producing simulated trajectories that guide navigation.
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2.2. The critical role of precomputation

Although studies of human behavior in complex games support the view of forward search 

as a core component of human deliberation, they also highlight its critical dependence on 

precomputed knowledge. As discussed above, this knowledge can be expressed as a heuristic 

function or static evaluator, which was used even in the earliest AI systems (Samuel 1959). 

Even dynamic programming, a classic algorithm developed by Bellman (1966) in the same 

era, is often used to precompute and cache, or store, solutions to subproblems rather than 

repeatedly solving them online. The modern deep learning era has only amplified this 

principle: Following AlphaGo, MuZero learns world models purely from self-play without 

knowing the game rules, while recent work shows that the knowledge gained from search 

can be distilled entirely into neural networks that play chess at high levels without any 

search at test time (Schrittwieser et al. 2019, Ruoss et al. 2024).

The critical role of precomputation to planning is a clear example of Sutton’s (2019) “Bitter 

Lesson”: In AI, general-purpose methods that scale with data and computation ultimately 

triumph over clever, handcrafted algorithms. From this viewpoint, the true power of world 

models lies not in enabling a few steps of lookahead at decision time but in their capacity 

to generate virtually unlimited synthetic training data. Unlike real-world experience, which 

is slow, risky, and limited in quantity, simulated experience can be produced safely, quickly, 

and in massive parallel batches, fundamentally changing the economics of learning. This 

perspective was most clearly formalized in Sutton’s (1991) Dyna architecture, which 

elegantly unifies planning and learning into a single computational framework. In Dyna, an 

agent interleaves real, online experience with imagined trajectories generated from its world 

model, using both to update the same value functions and policies through identical learning 

rules. The simulated trajectories are not discarded after contributing to action selection but 

instead serve as synthetic training data that produces lasting changes in the agent’s policy, 

blurring the traditional boundary between planning and learning.

One issue that is less obvious in constrained settings like games, but increasingly evident 

for more general-purpose agents, is that the apparent efficiency of precomputation and 

caching can become maladaptive when the environment changes, as cached information 

may no longer be suitable to the current task or environment. This tension between 

flexibility and efficiency—closely related to the model-based versus model-free distinction 

in reinforcement learning—suggests that successful agents need both rapid cached responses 

and the ability to recompute when those caches become stale, a balance we see reflected in 

the brain’s planning mechanisms (Daw et al. 2005).

2.3. Planning as learning in biological organisms

The computational view of precomputation and caching relates to a longstanding 

challenge in studying biological planning: Behavior alone can demonstrate that mental 

simulation occurs but offers little evidence about when it happens. Specifically, behavioral 

psychologists have long used the ability of animals to flexibly adapt to changes in 

contingencies (nimble replanning without additional trial-and-error learning) to argue that 

they are capable of planning. For instance, in the classic demonstration of latent learning 

discussed by Tolman (1948), rats first explored a maze without reward, with food being 
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subsequently introduced at a particular location. The rats’ ability to quickly find efficient 

routes suggested that they formed and planned with a cognitive map of the environment.

Although Tolman (and many subsequent authors) generally assumed that this planning 

occurred via forward simulation when they first confronted the probe choice point, this 

behavior actually leaves open crucial questions about timing. Did the rats mentally simulate 

routes during initial exploration, at the moment reward was introduced, during the delay 

before testing, or only when confronting the choice point? Modern behavioral studies have 

begun to address this ambiguity via more sophisticated designs and additional observables. 

When humans face analogous replanning problems, their eye movements (Konovalov & 

Krajbich 2016), response times (Momennejad et al. 2017), and patterns of dual task 

interference (Gershman et al. 2014) all suggest the crucial computations occurred before 

the crucial replanning decision was faced.

Human neuroimaging has provided more direct evidence that planning-related computations 

often occur outside the moment of decision, revealing neural signatures of offline trajectory 

evaluation. Using multivariate pattern analysis and functional MRI, studies have shown 

that hippocampal and cortical activity patterns associated with specific locations or items 

reactivate in ways that bridge the gap between separately learned associations, much like 

in planning. However, although this activity does sometimes extend forward at choice time 

(Doll et al. 2015, Nicholas et al. 2025), it also occurs at other times before choices are faced, 

such as when rewards are first introduced (Wimmer & Shohamy 2012, Nicholas et al. 2025) 

and in quiet rest periods (Momennejad et al. 2018). Critically, the content of spontaneous 

reactivations at all these times predicts subsequent flexible choice behavior: For instance, 

participants whose rest-period activity more strongly represents particular state transitions 

subsequently navigate more efficiently through those transitions, indicating that these offline 

computations have lasting effects on decision making. Similar but more detailed results 

have been found with magnetoencephalography (Kurth-Nelson et al. 2015, Liu et al. 2021). 

With its millisecond temporal resolution, this technique has captured the rapid sequential 

reactivation of states that form coherent trajectories through learned task spaces. Again, in 

these cases, subsequent choice behavior is predicted by reactivations when rewards are first 

learned, rather than later when the choice is faced. This evidence suggests that much of the 

computational work happens not during deliberation at choice points, but in the seemingly 

idle moments between active decisions.

The idea of precomputation also invites a reinterpretation of sequential activity in the rodent 

hippocampus and helps resolve longstanding challenges in that field. As with the human 

results, although forward replay suggests a role in planning in the classical, online sense, 

replay also occurs in many patterns and circumstances suggestive of a more general role 

in precomputation, of which immediate planning would merely be a special case. First, 

hippocampal SWRs (i.e., long-range replay) occur only when the animal is stationary and 

do not occur when the animal is actively moving, arguably when a choice is most needed 

(Wilson & McNaughton 1994). Interestingly, replay is prominent during quiet rest and sleep, 

when it can represent remote locations far from the animal’s current position. Second, the 

predominant patterns of replay are quite different from those presumably used for forward 

simulation. For example, upon encountering a reward, replay is observed predominantly 
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in a backward direction, proceeding from the animal’s current location toward recently 

visited locations (Foster & Wilson 2006, Diba & Buzsáki 2008). Such backward sequences 

are more easily interpreted as supporting local and nonlocal credit assignment—a form of 

precomputation—than as informing the animal’s immediate choice. Third, even when replay 

does occur at decision points, the timing and content of such sequences are not consistently 

linked to subsequent choices, and can instead even lag behind behavioral learning (Carey et 

al. 2019, Gillespie et al. 2021). This disconnect between decision-time replay and immediate 

choice suggests that hippocampal sequences may serve broader functions than moment-by-

moment planning, supporting learning processes that unfold over longer timescales.

In light of the evidence above, replay has been recently proposed to implement a biological 

version of the Dyna framework—generating synthetic experience that trains downstream 

circuits without additional real-world interaction (Mattar & Daw 2018). On this view, 

replayed trajectories at different times (at choice time versus rest) and in different patterns 

(e.g., forward versus backward) all serve a common function in helping the animal 

connect actions to their distal consequences. But since this activity often occurs in advance 

of a choice, its effects are primarily mediated via learning. This view aligns with the 

Complementary Learning Systems theory, where SWRs coordinate hippocampal-cortical 

dialog that transfers information to long-term storage, affecting behavior hours or days later 

(Wilson & McNaughton 1994, McClelland et al. 1995, Káli & Dayan 2004). Critically, 

offline replay goes far beyond repeating past experience: It constructs novel trajectories 

by combining segments from different experiences, explores never-visited locations, and 

stitches together separate memories to discover hidden relationships (Gupta et al. 2010, Liu 

et al. 2021). The set of compositional computations supported by replay, accordingly, appear 

to support diverse forms of inference, such as counterfactual reasoning about alternative 

choices, abstract schema formation, and associative chaining (Liu et al. 2019, Kurth-Nelson 

et al. 2023, Schwartenbeck et al. 2023). The fact that these varied computations, many 

of which do not seem to involve iterative search, all share a common replay mechanism 

supports the idea that forward search is a special case of a more general computation. 

In particular, replay is an active generative process, using the world model to derive 

new knowledge and prepare for novel situations through precomputation, of which online 

planning is only a special case.

If simulated experience is a valuable resource for learning, a critical question becomes what 

to simulate—a decision that appears to be strategically controlled rather than left to chance. 

Both computational theory and neural evidence converge on the principle that replay is 

prioritized based on expected learning benefit: Sequences are preferentially selected based 

on their potential to improve future performance (Moore & Atkeson 1993, Mattar & Daw 

2018). In rodents, replay frequency increases for trajectories leading to large rewards, those 

involving surprising outcomes, and paths connecting the animal’s current location to known 

goals (Singer & Frank 2009, Ólafsdóttir et al. 2018). The existence of such prioritization 

mechanisms suggests that the brain not only generates synthetic experience but actively 

curates it, implementing a form of metacontrol over its own learning process—a theme 

we explore further in Section 4’s discussion of metalearning. This strategic selection of 

what to simulate represents another form of precomputation, where the brain invests its 
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computational resources during rest to prepare for future challenges, guided by principles 

that themselves may be shaped by experience.

3. Planning without search

3.1 Successor representations and temporal abstraction

Classic search iterates a one-step dynamics model (e.g., a single chess move or one step on a 

spatial grid) to simulate longer trajectories, evaluating the states encountered along the way. 

One way to shortcut this cost is to aggregate over these steps and batch them into longer 

steps or groups of states. Such a strategy is generally known as temporal abstraction. One 

version of this strategy, which has deep roots in AI and sustained interest in neuroscience, 

is called the successor representation (SR) (Dayan 1993). The SR stores, for each state, 

the aggregated number of encounters with each other state likely to follow it over some 

time-discount horizon. From this, in turn, it is straightforward to compute the start state’s 

long-run value in a single computation via a weighted sum over successor encounters.

This approach provides much of the flexibility of search, such as the ability to revalue and 

replan when goals change (by reweighting the successor states), but all at once, without 

iterative search at choice time. In this way, the SR and its variants can capture many types of 

flexible replanning behaviors that animals are capable of, without the requirement for online 

search (Russek et al. 2017). This strategy is another example of precomputation to facilitate 

later planning: The SR can be viewed, roughly, as a set of value functions corresponding to 

situations in which different states become goals, and learning an SR is thus like planning 

ahead for all such eventualities (Sagiv et al. 2025). Of course, there is no free lunch; 

batching the transition states involves caching assumptions about the intervening events 

(e.g., intermediate state dynamics and choices), which limits the model’s ability to replan if 

these change. For this reason, the SR can also be viewed as an intermediate strategy between 

model-based and model-free learning, caching less aggressively than the latter. Nevertheless, 

in practice, variants of the method can work quite well, and a number of newer variants have 

been suggested to mitigate many of these caching concerns (Barreto et al. 2016, Piray & 

Daw 2021).

There is considerable evidence that the brain adopts a similar strategy (Gershman 2018). 

This includes evidence from reaction times and neural signatures of long-run expectancy in 

sequence prediction tasks (Garvert et al. 2017, Lynn et al. 2020, Wittkuhn et al. 2024, Kahn 

et al. 2025), and slips of action in choice tasks thought to reflect caching long-run chunks 

(Momennejad et al. 2017, Russek et al. 2021).

3.2 Grid cells and temporal abstraction

The primary hypothesis for how such a mechanism is implemented neurally is via the 

grid cells of the entorhinal cortex, which famously tile space periodically at a range of 

frequencies (Hafting et al. 2005). Intuitively, the grid cells represent possible future locations

—periodically, rather than timestep by timestep—with low-frequency grid cells capturing 

long-distance predictions about the future location. More formally, in the open field, the 

grid cell population corresponds to a set of basis functions (roughly, the eigenvectors of the 
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transition dynamics) that, among many other things, can be linearly combined to express the 

SR (Stachenfeld et al. 2017). [The combination itself might be implicit downstream or, in 

one prominent model, is expressed in the place cell system of the hippocampus (Stachenfeld 

et al. 2017).] In turn, this means that planning (i.e., computing expected future value from 

some situation, which is itself linear in the SR’s columns) amounts to a weighted readout 

from the grid cells. Apart from this specific RL computation, the grid cell representation 

can support a range of other related types of vector mathematics over space, potentially 

subserving path integration, vector-based navigation, and intuitive planning (Bush et al. 

2015, Banino et al. 2018, Baram et al. 2018, Yu et al. 2021), and also has implications 

(discussed below) for how the SR is learned.

3.3 Beyond planning

We previously stressed that replay is applicable to problems that go beyond planning in 

the sense of sequential forward prediction. The same is true of grid cell–like methods. 

For the same reasons that grid cells are useful for extrapolating trajectories over space, 

these representations are equally useful for extrapolation over nonspatial multidimensional 

feature spaces. For instance, a line of work suggests that grid cells (or grid-like neural 

signatures in neuroimaging) can represent 2D metric feature spaces other than physical 

location (Constantinescu et al. 2016, Aronov et al. 2017).

One appealing application of this capacity is to multiattribute choice. For instance, in a 

pair of studies, monkeys learned symbolic representations for different levels of reward 

probability and magnitude (Bongioanni et al. 2021, Veselic et al. 2025). These two features, 

together, define a two-dimensional space of options, the understanding of which could 

(and in practice does) enable monkeys to accurately evaluate even novel options, that 

is, combinations of probability and magnitude not previously trained. This is another 

example of a task that requires generalizing to novel situations without iterative future 

simulation. Neuroimaging and, later, neurophysiological recordings suggest that the space 

of options is represented by a grid code, though interestingly, in ventromedial PFC rather 

than hippocampus. Similar results have been observed in human neuroimaging (Nitsch et 

al. 2024). Vector math over the grid code, analogous to that for spatial reasoning, could 

generalize option value over the space.

3.4 Planning with less search

Although we have stressed that temporally abstract representations like the SR can obviate 

search, they can also work in conjunction with search to extend its scope. An SR can itself 

be viewed as a world model with a particular predictive timescale (formally, given by its 

discount factor), which can then be further extended simply by iterative search over its 

predictions. The ability to trade off the depth of the world model against the depth of search 

[known as gamma models in machine learning (Janner et al. 2020)] is one way to balance 

the computational benefits of temporal abstraction against the inflexibility of long-range 

caching. The idea that timescales can be freely traded off between a deeper world model and 

deeper search also helps to address the lack of a single characteristic timescale for real-world 

dynamics (Sutton 1995). Interestingly, precisely this type of hybrid SR-search mechanism 

independently arose in descriptive models of human episodic memory, known as temporal 
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context models (Howard & Kahana 2002, Gershman et al. 2012, Zhou et al. 2024). While 

the temporal patterns this gives rise to at recall time seem arbitrary in experiments on word 

list learning, one view is that these effects are another window into the brain’s mechanisms 

for mental simulation via temporal abstraction and search.

Another way to view how temporal abstraction supports search is that given the right 

representation—specifically, a predictive one—planning becomes trivial. Learning the SR 

is, from one perspective, learning a particular type of world model, but it is also learning 

a state representation that is optimized for long-run prediction. From the latter perspective, 

learning supports and shapes planning more fundamentally than in the classic picture—a 

point developed even further in the next section.

The ways in which the SR, and related temporally abstract maps, are learned speak to the 

richness of these interactions. First, one of the ways in which replay goes beyond search 

is that it is likely used to build SRs (i.e., precompute policies for different possible future 

goals) as well as evaluate current courses of action (Russek et al. 2017, Wittkuhn et al. 

2024, Sagiv et al. 2025). The view of the grid cells as a basis for temporally abstract 

dynamics prediction also gives rise to richer accounts of learning maps by recombining basis 

functions, including regularization and compositional assembly (Stachenfeld et al. 2017, 

Piray & Daw 2025). Other lines of work envision that the dynamics model is learned over 

latent states and can be reused flexibly across environments (Whittington et al. 2020, 2022; 

George et al. 2021).

4. Metalearning: learning how to plan

Much of what we have discussed so far concerns how planning is shaped by learning, 

for example, of task-appropriate static evaluators, long-run representations, or replay 

prioritizations. In short, planning is not a fixed algorithm that the brain executes in a uniform 

way across contexts. Instead, it is itself an adaptive process, shaped by experience to better 

meet the demands of new tasks.

In AI, these types of refinement can all be more generally formalized as instances of 

metalearning (Hospedales et al. 2022): adapting one’s algorithms to a family of tasks. 

Metalearning interleaves two levels of learning: Task instances are repeated many times 

(an outer loop, like multiple chess games), and within each of these instances, behavior is 

governed by some inner-loop learning/planning algorithm. Learning in the outer loop refines 

and specializes learning in the inner loop. In artificial agents, metalearning dramatically 

improves planning efficiency by exploiting structural regularities across tasks (Ritter et al. 

2018, Wang et al. 2018, Botvinick et al. 2019).

In the brain, metalearning (or more specifically, meta–reinforcement learning) has 

been proposed to be implemented in PFC, with sustained, recurrent activity dynamics 

implementing inner-loop learning, and their learning rules sculpted in task-specific ways 

by outer-loop, across-episode synaptic plasticity (Wang et al. 2018). In this model, 

recurrent neural networks (putatively in PFC) trained on related tasks learn shared statistical 

structure through slow synaptic changes, while fast within-task adaptation emerges from the 
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network’s dynamic activity patterns. The network’s hidden state serves as an active, adaptive 

working memory, maintaining task-specific information to enable rapid within-episode 

policy adjustment without additional synaptic modification (Sun et al. 2026).

When applied to problems requiring planning, such metalearning processes can learn 

task-specialized planning algorithms. For instance, decoding analyses suggest that a deep 

network static evaluator trained on chess implicitly learns some forward search through its 

activation dynamics (Jenner et al. 2024). Closer to the biological setting, when networks 

are trained on the two-step task—a standard assay for model-based planning in humans 

and animals—they spontaneously develop activity patterns that produce planning-equivalent 

behavior via their activation dynamics (Wang et al. 2018). This idea has been leveraged 

to explain why in the same task, in rats, trial-by-trial planning-equivalent choice updates 

are insensitive to manipulations of dopamine (a neurochemical thought to be involved in 

reinforcement learning at the level of synaptic plasticity, i.e., the outer loop here): perhaps 

because such inner-loop learning is instead accomplished in PFC activity (Akam et al. 2015, 

Blanco-Pozo et al. 2024).

PFC activity (Akam et al. 2015, Blanco-Pozo et al. 2024). These ideas suggest a more 

specific computational implementation for the classic but vague idea that working memory 

(thought to be implemented by sustained activation dynamics in PFC) plays a critical role in 

maintaining and manipulating information during planning tasks (Shallice 1982, Duncan et 

al. 1996). In this view, the particular recurrent dynamics needed to maintain and update the 

latent state information required to guide a planning policy are task specific, but the PFC can 

learn them through metalearning. These sculpted dynamics allow a single neural substrate to 

implement different planning algorithms depending on the context, explaining not only that 

the PFC is involved in planning (as lesion and imaging studies indicate) but also how it can 

adapt its planning policy while leveraging long-term knowledge.

A somewhat different aspect of metalearning is determining how a learned world model 

is used in planning: which computations to perform and when. Evidence suggests that 

humans adapt their planning depth, pruning heuristics, and subgoal selection to the demands 

of the task in resource-rational fashion, balancing decision quality against cognitive cost 

(Lieder & Griffiths 2017, Callaway et al. 2022). One key example is the metalearning 

of offline simulation policies, where the replay of some trajectories is prioritized over 

others to optimize future decisions. This view explains the diversity of replay sequences

—forward, backward, remote—and the prevalence of each pattern in different behavioral 

scenarios as the result of a metacontroller that always replays the most useful experience 

at each moment (Mattar & Daw 2018). Recent modeling work extends this idea to explain 

how this metacontroller is obtained by treating planning itself as a metalearned policy 

of when to initiate mental simulations, or rollouts (Jensen et al. 2024). In these models, 

agents learn to balance the benefit of further thinking against the cost of delaying action, 

producing deliberation patterns that match behavioral data and bear qualitative similarities to 

hippocampal replay sequences.

The modeling work above suggests a link between meta-learned control over simulation 

and the hippocampal mechanisms for trajectory generation discussed earlier, highlighting 
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how metalearning shapes not only what we know about the world but also how we deploy 

cognitive resources to search within it. Ultimately, this metalearning perspective reveals that 

what appears as planning in the brain—whether forward search, backward replay, or SRs—

may all be different manifestations of metalearned strategies for leveraging world models, 

with classical forward search being just one special case among many possible algorithms 

the brain has learned to implement.

5. Discussion

We have discussed a number of ways in which the classic scenario of planning—forward 

search at decision time—is better seen as a special case (and an idiosyncratic one) of 

more general computations for flexible choice. Instead, we argue that the key principle is 

precomputation: Learning from model-generated data (such as self-play or offline replay) 

sets the stage for later choices but also shapes the mechanisms for later in-the-moment 

planning. Metalearning offers a general computational formalism for these processes and a 

modern, mechanistically specific way of understanding how activity dynamics in PFC are 

crucial for implementing flexible choice.

Two important caveats represent key opportunities for future work. First, flexible, planning-

like computations are likely not unitary. We have discussed several different candidate 

neural mechanisms, and the extent to which they are distinct versus (as we have at times 

suggested) integrated or interacting remains largely unknown. Another, likely somewhat 

distinct, aspect of planning in humans is more explicitly linguistically mediated reasoning. 

This has some resonance with PFC and working memory (e.g., articulatory loops) but 

is also clearly different from fast hippocampal replay dynamics. A related point is that 

we have somewhat breezily combined evidence from a variety of species, tasks, and 

measurement methodologies. How special is spatial navigation? How different are toy 

laboratory decision tasks from more elaborate, realistic ones? Does decoded reinstatement in 

human neuroimaging reflect anything related to hippocampal replay in animals? We know 

little about any of these questions.

Second, and even more importantly, we have mentioned at various points how 

precomputation is a double-edged sword. Changing tasks, contingencies, or goals may 

invalidate previously computed and stored information, which is indeed part of why in-the-

moment planning is thought to be useful. Classic work has viewed this trade-off through a 

very simple dichotomy between unrealistically comprehensive model-based replanning and 

maximally narrow model-free automaticity (Dickinson 1985, Daw et al. 2005, Keramati et 

al. 2011). Even this has shed suggestive light on resource-rational automaticity and potential 

dysfunction, for example, in disorders of compulsion (Gillan et al. 2016). But how these 

trade-offs play out in richer and subtler circumstances where aspects of planning itself are 

shaped by metalearning are likely equally important but almost completely unexplored.
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Figure 1: 
Four views of planning in the brain. Each panel illustrates a distinct mechanism by which 

the brain can support flexible, goal-directed behavior, using the common scenario of a rat 

navigating a maze to find food or shelter.

(A) Online forward search. At a decision point, the agent simulates future trajectories by 

iterating a one-step world model, evaluating branches to select the best action.

(B) Pre-planning via offline simulation. Before a decision is needed, the agent generates 

simulated trajectories (forward, backward, or remote) that train downstream value 

representations, with effects mediated through learning rather than direct action selection.

(C) Planning without iterative search. Temporally abstract representations such as the 

successor representation aggregate long-run predictions, enabling rapid option evaluation 

in a single computation rather than through step-by-step simulation.

(D) Metalearning: Across task episodes, learning shapes recurrent dynamics and control 

policies to implement task-specialized planning strategies, determining how and when each 

type of simulation is deployed.

Solid paths indicate executed behavior; dashed paths indicate simulated/replayed transitions; 

goal icons denote reward locations.
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