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Hippocampus supports multi-task
reinforcement learning under partial
observability

Dabal Pedamonti1,2,6, Samia Mohinta 1,3,6, Martin V. Dimitrov1,
Hugo Malagon-Vina 4, Stephane Ciocchi 4,5 & Rui Ponte Costa 1,2,5

Mastering navigation in environments with limited visibility is crucial for sur-
vival. Although the hippocampus has been associated with goal-oriented
navigation, its role in real-world behaviour remains unclear. To investigate this,
we combined deep reinforcement learning (RL) modelling with behavioural
and neural data analysis. First, we trained RL agents in partially observable
environments using egocentric and allocentric tasks. We show that agents
equipped with recurrent hippocampal circuitry, but not purely feedforward
networks, learned the tasks in line with animal behaviour. Next, we used
dimensionality reduction of the agents’ internal representations to extract
components reflecting reward, strategy, and temporal representations, which
we validated experimentally against hippocampal recordings from rats.
Moreover, hippocampal RL agents predicted state-specific trajectories, mir-
roring empirical findings. In contrast, agents trained in fully observable
environments failed to capture experimental observations. Finally, we show
that hippocampal-like RL agents demonstrated improved generalisation
across novel task conditions. In summary, our findings suggest an important
role of hippocampal networks in facilitating reinforcement learning in natur-
alistic environments.

As we navigate new environments, we must learn to integrate incom-
plete sensory information towards desired goals. How biological
neural networks perform this feat is not fully understood.

The hippocampus is classically associated with the building of a
cognitive map of the environment and the storage of episodic
memories1–3. However, growing evidence suggests that the hippo-
campus also supports goal-driven behaviour4–8. For example,4 showed
that the hippocampus is indeed involved in planning routes towards
desired goals. Moreover, their work suggests that hippocampal
sequence events, known as “replay", serve as a mechanism for goal-
directed navigation, facilitating memory-based trajectory planning

and guiding subsequent navigational behaviour. Other studies have
shown that the hippocampus, and the hippocampal recurrence, such
as that provided by CA3 and CA1-EC loops, is involved in integrating
information over time as required for navigational taskswhere sensory
cues are no longer present9–14. Given that in most naturalistic condi-
tions animals do not have continuous access to the full environment,
we postulate that the hippocampusmay have evolved to support goal-
driven navigation in environments in which sensory information is not
always present.

The hippocampus has been traditionally conceptualised using
Hopfield neural networks, known for their capacity for autoassociative
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memory storage15,16. More recent studies have demonstrated that
recurrent neural network models of the hippocampus, trained to
predict next state or position, exhibit specific cell types tuned to
spatial information17–21, including the commonly observed place cells
and grid cells22,23. Another line of research has shown that somemodel-
based approaches, such as Successor Representation, can explain
anticipatory features that have been observed experimentally24,25. A
related approach combinedmodel-free withmodel-based networks of
the hippocampal-striatal system to reproduce a range of behavioural
findings from spatial and non-spatial decision-making tasks26.

A complementary viewpoint has explored the involvement of the
hippocampus in reward-centric navigational tasks6,7,27–30. For
instance,27,29 utilised an actor-critic network coupled with goal-
independent representations to model water-maze tasks31, on the
other hand, proposed a model that integrates unsupervised learning
for spatial modelling with reward-based learning for goal-oriented
behaviour. Nevertheless, such models did not explicitly differentiate
the functional impact of hippocampal recurrent networks. Conse-
quently, the contribution of the classical hippocampal structure for
navigation of goal-driven environments under partially observable
conditions, the underlying neural dynamics, and its implications for
animal behaviour remain unclear.

Here, we posit that the hippocampal circuitry, particularly hip-
pocampal recurrence, such as observed in CA3 recurrence, is adept at
navigating environments under realistic conditions, particularly those
characterised by limited visibility and cue uncertainty. To test this
hypothesis, we combine behavioural and neural data analysis together

with deep reinforcement learning (RL) modelling of goal-driven tasks.
Both animals and agents were trained to perform ego-allocentric
strategies on a T-maze. Our models consist of a network trained end-
to-end to perform goal-driven tasks using deep reinforcement learn-
ing. By contrasting experimental observationswith themodel we show
that hippocampal networks trained in partial, but not fully observable
environments, provide a good match of neuronal and behavioural
observations. Using task-relevant dimensionality reduction, we show
that hippocampal neurons encode decision, strategy, and temporal
population activity, which are better captured by a model incorpor-
ating recurrence. Moreover, our modelling shows that recurrence also
captures key behavioural features commonly observed in animals and
humans, and that it generalises to different task conditions. This is in
contrast with non-recurrent models, which failed to capture experi-
mental observations. In addition, ourwork shows that agents trained in
fully observable environments also do not capture experimental
observations, thus suggesting the need to reevaluate previous
experimental findings that may have implicitly assumed full
observability.

Results
Wewere inspired by a standard behavioural setup inwhich animals are
trained on plus-mazes5. Next, we highlight the key elements of this
experimental setup, whichwemodel. First, rats were trained in amulti-
task setting in which they had to perform a goal-driven navigational
taskwhile following two strategies, egocentric and allocentric (Fig. 1a).
In the egocentric (self-centred) rule, the reward was always positioned
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Fig. 1 | Ego-allocentric task setup in animals and reinforcement learning
agents. aTop, experimental setup inwhich rats were placed in a plus-shapedmaze,
which was effectively transformed into a T-maze on each trial by blocking the
opposite arm5. The task consists of reaching the reward at the end of one of two
arms following either egocentric (pink) or allocentric (purple) rules. Bottom: both
animal and artificial agents were trained by interleaving blocks of allocentric and
egocentric (see main text). b Animal performance on allocentric and egocentric
tasks following the setup shown in (a) (n =8)5,57. There are no statistically significant
differences in performance between allocentric and egocentric perspectives.
Horizontal dashed line represents the chance level. Data distribution is represented
as a violin plot (pallo = 5.55 × 10−4, pego = 8.31 × 10−5 and poverall = 8.02 × 10−6). Each
distribution is compared to the change level (50%). ***: p < 0.001, ****: p < 0.0001
(one-sample, two-sided t-test against chance level). c The experimental setup in (a)
was simulated using a grid world environment (see Supplementary Movies). This
setup was then used to train reinforcement learning agents in ego- and allocentric
tasks. Environment observability was modelled by defining a visible range around
the animal (light grey box), which is limited to the current cell alonewhen the agent

enters the terminal arms. Specifically, the agent can only see the squares directly in
front of it and to its sides, but not behind it. A total of four cues (cf. (d)) are placed in
the environment, two for the north starting state and two for the south starting
state. The trophy and red cross represent rewarding and non-rewarding terminal
states, respectively (not made visible to the agent). Schematics showing the cues
used (d) and the four possible allocentric and egocentric rules (e). The dotted line
represents the ideal path towards the reward, starting north/south. Cues are pre-
sented near the starting positions where key/square refer to the north starting
point and lava/ball to the south one. In the allocentric task, the reward is always on
the same side regardless of the starting position. In the egocentric task, the reward
is always on the right side of the starting position. Source data are provided as a
Source Data file. a was adapted from S Ciocchi, J Passecker, H Malagon-Vina, N
Mikus, T Klausberger. Selective information routing by ventral hippocampal CA1
projection neurons. Science 348 (2015); reprinted with permission from AAAS.
Icons used in panels c, d, and e are released by OpenMOJI under a Creative Com-
mons Attribution ShareAlike license 4.0.
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in the same location with respect to the animal, i.e., regardless of the
north or south starting location. For the allocentric (world-centred)
rule, the reward is at the same location irrespective of the animal’s
starting position, and the animal needs to turn left or right depending
on whether they start from a north or south position. In a given block,
rodents have to infer the task (ego versus allocentric) through trial-
and-error. Second, rats were placed on a standard plus-maze defined
by a 5cmwallwith cues in the surroundingwalls. In such setups– and in
most navigational task settings – rats are unlikely to have access to all
information necessary for decision-making, implying a degree of par-
tial observability32. Furthermore, we analysed the speed and head
direction of rats as they navigated the maze. This analysis suggested

that rats did not have constant access to the full state of the environ-
ment (Fig. S1). Note that the maze setup was effectively transformed
into a T-maze on each trial by blocking the opposite starting arm
(Fig. 1a). Finally, animals were trained in a block-wise fashion with
interleaved blocks containing allocentric and egocentric tasks (Fig. 1a).
Each block contains sub-blocks corresponding to different starting
locations (i.e., north versus south). Despite the relatively complex
nature of these tasks with multiple rules, rats can learn all
tasks (Fig. 1b).

Building on this task setup, we aimed to study the underlying
architectural principles that enable such goal-driven navigation. To
this end, we contrast animal behaviour and (hippocampal) neural data

Fig. 2 | Reinforcement learning agents with recurrence jointly learn ego and
allocentric tasks. a Classical hippocampal trisynaptic circuitry: entorhinal cortex
(EC), dentate gyrus (DG), and hippocampus CA3 and CA1 layers. b Schematics of
reinforcement learning (RL) agentswith hippocampal-like architecturemodelled as
deep-Q-networks (DQN) used to learn the goal-driven tasks described in Fig. 1. In
our models, the DG receives a simplified (partially observable) map of the envir-
onment, which is processed by the CA3-CA1 pathway and then CA1 projects to the
reward system to compute a Q-value of state-action pairs, Q(s,a). We consider two
main models: (i) with recurrence (hcDRQN, top) or (ii) with CA3 as a feedforward
network (hcDQN, bottom). Bothmodels consist of twohidden layers (CA3 andCA1)
and an output action readout layer. cMinigrid environment showing 3 × 3 and full
view size (orange outline). d Performance of all models for allocentric (left), ego-
centric (middle) tasks. For comparison with modernmachine learning solutions to
multi-task learning we also consider two popular algorithms: elastic weight con-
solidation (ML-EWC) and synaptic intelligence (ML-SI). Data are presented asmean
values ± SEM (n = 240). p_allo (bottom to top) = 6.844e−167, 2.304e−92, 2.273e−83,

1.293e−69. p_ego (bottom to top) = 8.004e−02, 3.616e−01, 1.940e−224, 4.395e−183. e Task
performance of RL agents as environment observability is progressively incre-
mented. Both models achieve the same performance under full observability,
whereas only the hcDRQN agent can learn tasks under non-full observability. Data
are presented as mean values ± SEM over 5 different initial conditions. f, Learning
curves for both hcDQN and hcDRQN, showing that the former fails to learn allo-
centric tasks. Vertical dashed lines represent switching points. Data are presented
as mean values ± SEM over 5 different initial conditions. g Task performance
aligned to task point of the task switch (left). Performance drop and recovery after
task switching for both hcDRQN and hcDQN (right). Data are presented as mean
values ± SEM (n = 25). pallo,drop = 1.18 × 10−5, pallo,rec = 2.71 × 10−3, pego,drop = 0.431,
pego,rec = 0.903. **: p < 0.01, ***: p < 0.001, ****:p <0.0001, ns indicates no significant
(independent two-sample, two-sided t-tests across models). Icons used in panels c
are released by OpenMOJI under a Creative Commons Attribution ShareAlike
license 4.0. Source data are provided as a Source Data file.
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with artificial reinforcement learning (RL) agents equipped with a
hippocampal-like architecture. To mimic the experimental setup
described above, we simulated a 2D minigrid discrete environment33,
whichconsists of a starting state and two terminal states: rewarded and
non-rewarded (Fig. 1c). To capture both north and south starting
states, we use different sensory cues (Fig. 1d). Closely following the
experimental setupdescribed above, we train themodel in amulti-task
(allocentric north/south and egocentric north/south) using the same
block-wise training setup, as illustrated in Fig. 1e. As in the experi-
mental setting, RL agents need to figure out the task context through
trial-and-error, but this computation in the model is simplified by
assuming separate ego and allocentric output action networks (see
Methods). We provide a more detailed comparison between our
modelling and the experimental setup in Table S1. Motivated by the
fact that animals cannot continuously access all sensory information
available in their environment (e.g., due to poor visual acuity and head
direction), we test different degrees of observability of the
environment.

Agents with recurrence learn ego-allocentric goal-driven tasks
Our hippocampal RL models are based on standard deep RL models,
specifically, Deep Q-networks (DQN)34 (see Methods). Our models
feature a three-layer hippocampal-like structure: the input layer emu-
lates entorhinal input to the Dentate Gyrus (DG), the first layer repre-
sents CA3 and the second CA1. In addition, we also consider an output
layer that encodes action-state values, denoted as Q(a, s) (Fig. 2a, b).
Environmental cues are provided around the start location of themaze
and agents can take one of three actions (move forward, rotate left or
rotate right). The entorhinal cortex (EC) is known to supply the hip-
pocampus with a spatial map of the environment23, which we
approximate by providing our model with a 2D top-down spatial map
obtained from a minigrid environment (Fig. 1c). The output layer,
which encodes state-action Q-values, provides an abstraction of
hippocampal-to-striatal networks35. To prevent forgetting of a pre-
viously learned task, we use two separate outputQ-heads in allmodels.
Consequently, we switch between the allocentric or egocentric head
depending on the current task being performed by the agent. How-
ever, other strategies are possible, we also demonstrate that the same
tasks can be learned using a contextual task-specific signal (task ID;
Fig. S2), as is commonly done in computational neuroscience36.

Motivated by the existence of recurrent connectivity in CA337 and
in line with previous work in which brain areas are modelled as gated
recurrent neural networks38,39 we model CA3 using a Gated Recurrent
Unit (GRU) network40,41, which we denote as hippocampal deep
recurrent Q-Network (hcDRQN). In addition, we contrast this network
with three other networks: a purely feedforward hippocampal Deep
Q-Network (hcDQN) and two hcDQNs augmented with artificial con-
tinual learning algorithms. We considered two modern machine
learning algorithms as a strong control for what is achievable with
feedforward networks in our multi-task setup. In particular, we inclu-
ded two of the most popular methods: Elastic Weight Consolidation
(ML-EWC;42) and Synaptic Intelligence (ML-SI;43). Unlike standard DQN
implementations, our setting did not require experience replay34. We
therefore simplified our model by omitting this component. While
experience replay is often interpreted in terms of hippocampal-
cortical systems consolidation, there is also evidence for internal hip-
pocampal replay44,45. Replay mechanisms are likely essential for stable
reinforcement learning in more complex tasks than the ones that we
consider34.

First, we compare the hippocampal deep RLmodels (Fig. 2b) with
animals by contrasting their task performance in a partially observable
setting (Fig. 1b). We trained the models using the grid environment
described above and following a similar training procedure (trial-by-
trial) used to train animals with blocks of allocentric trials alternated
with blocks of egocentric trials (Fig. 1a, bottom). Within each block we

alternate the two starting (north/south) positions. Our results show
that the network with recurrence, hcDRQN, can successfully learn
multiple tasks (Fig. 2d). Moreover, hcDRQN is the only model that can
learn allocentric tasks while other models perform around chance
level. These results show that hcDRQN learns sufficiently generalisable
representations across all tasks considered here. This is due to the
RNN’s ability to integrate information over time, thus being able to link
sensory cues with future outcomes. The action-value outputs must
then decode thismixed information from the hippocampal network to
attribute value to the appropriate actions. In contrast, hcDQN only
learns a subset of the tasks. This is because models that fail to truly
learn the tasks will default to memorising to always turn right at the
decision point as this behaviour will work on 3 of the 4 sub-tasks (allo-
south, ego-north and ego-south). This is in line with the performance
observed experimentally, showing that animals can learn both strate-
gies (Fig. 1b). In addition, our results show that a model without plas-
ticity in the recurrent CA3 layer is not sufficient to learn all tasks (fixed
hcDRQN model), which further supports the importance of the RNN
for learning these tasks. Studying how the performance evolves over
trials within each allocentric and egocentric block, shows that allo-
centric performancedrops for hcDQNafter each switch betweennorth
vs. south scenarios (Fig. 2f). Performance aligned to allocentric goal
switches shows that hcDRQN has small delta values for the drops and
recovery, reflecting lower errors to changes in goal location (Fig. 2g,
top row). hcDQN, by contrast, shows larger delta values, indicating a
failure to form or update allocentric representations. Comparing
hcDRQN vs hcDQN, both the drop and recovery effects remained
significant (p_drop = 1.18e-5, p_rec = 2.71e-3) in the allocentric case,
confirming that hcDRQN learns and adapts better to the allocentric
subtask. Drop is defined as the difference between the mean perfor-
mance of the first block and theminimumof the remaining blocks, and
recovery as the difference between the mean of the last two blocks
(plateau values) and the minimum calculated in the previous drop. No
such effects are observed in the egocentric task (Fig. 2g, bottom row).
Finally, machine continual learning models perform similarly to
hcDQN, thus not being able to learn all tasks (Fig. S3c).

Recurrence is needed in partially observable environments
Hippocampal recurrence, such as provided by CA3 in our hcDRQN
agent enables information to be integrated over time, allowing it to
retain initial cues for accurate action selection at decision points.
Therefore, the hcDQN model should match hcDRQN performance in
fully observable environments. To demonstrate this, we tested
hcDRQN and hcDQN in environments with different degrees of visi-
bility (3 × 3, 5 × 5, 7 × 7, and full view; Fig. 2c). We expected a model
without recurrence (i.e., DQN) to be able to solve all tasks in environ-
ments with full observability (i.e., all information continuously avail-
able). Our results show that the non-recurrent model, hcDQN, only
succeeds to learn both allo and egocentric tasks when the full view is
provided (Fig. 2e). We expected that models learn to solve the task in
these conditions by continuously relying on having access to the task-
specific cues. To test this continuous reliance on sensory cues we
removed the cues after the decision point (Fig. S4). Our results show
that both models completely fail to complete the tasks.

Given that animals are unlikely to have continuous access to the
full environment in most realistic settings, our results suggest that
hippocampal recurrence—such as that provided by CA3, though not
exclusively—plays an important role in supporting goal-directed
behaviour under naturalistic conditions.

Agent’s task-relevant neuronal dynamics are in alignment with
experimental recordings
Next, we tested whether RL agents trained in partially observable
environments best capture experimental task-specific neural dynam-
ics. To this end, we contrasted the neural dynamics predicted by the
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model with those recorded from awake performing animals by using
dimensionality reduction techniques. In particular, we used demixed
PCA (dPCA), which enabled us to extract behaviourally-relevant
dimensions.

We extracted task-specific neural activity from agents in an
intermediate stage of learning as to have a more comparable perfor-
mance to that observed in animals (cf. Fig. 1b and Fig. S5a). The
simulated neural activity of the modelled CA1 layer was then used to
performdPCA (seeMethods for details). This analysis focusedon three
task-encoding components of interest in the hcDRQN agent (Fig. 3a):
strategy, time, and decision. First, we find that the population
dynamics for allo and egocentric tasks can be linearly separable when
using the hcDRQN strategy demixed PCs, but not for hcDQN (Fig. 3a
left, Fig. 3b). This reversal between tasks by hcDQN is likely due to its
inability to learn both allocentric and egocentric tasks (Fig. 1). The fact
that hcDRQN, but not hcDQN, yields a clear separation of strategies is
consistent with our results above showing that it can learn both allo
and egocentric strategies (Fig. 2d). Next, we find that both hcDRQN
and hcDQN exhibit a temporally decaying population dynamics
(Fig. 3a middle). However, whereas the hcDRQN starts flat and then
decays, the hcDQN increases before it decays. These hcDRQN neural
dynamics aremore in line with the animal neural dynamics (cf. Fig. 3c).
Finally, weobservedecision- or outcome-specific components (correct
versus incorrect), which, as expected, collapse once the reward

terminal point is reached. This predicts that the hippocampus should
encode reward/no-reward information well before the terminal states.
When sensory cues are removed, these task-specific features in the
strategy and decision dPCA components are eliminated, aligning with
the role of RNN sensory integration in achieving correct task outcomes
(Fig. S10).

Next, to contrast the neural representations predicted by the RL
agents, we used tetrode recordings obtained from 612 CA1 neurons, as
described in ref. 5. To conduct this analysis, neural datawere aligned to
the moment when the reward zone was entered (see Methods). The
results of the dPCA show that the data qualitatively validate the results
predicted by the hcDRQN agent for the strategy-specific components,
but not the hcDQN agent (Fig. 3a bottom). We also observe stronger
neuronal activations in the allocentric tasks compared to the ego-
centric tasks, in line with experimental observations (Fig. S11). To
better quantifymodel-datamatchwe used a normalisedmean-squared
error metric (see Methods). This metric shows that, indeed, hcDRQN
better captures experimentally observed strategy neural dynamics
(Fig. 3c left). For the time-specific components, we observe a decaying
component as predicted by the RL agents. Although both the hcDRQN
and hcDQN look qualitatively very similar, the error metric shows that
hcDRQNprovides a bettermatchwith the data (Fig. 3cmiddle). Finally,
the decision component also reveals a separation between correct and
incorrect trials as predicted by the models, but in contrast to the
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Fig. 3 | Strategy, temporal, and outcome neural dynamics in RL agents and
animals. a Demixed principal components corresponding to task strategy (allo-
centric and egocentric for both north and south start locations), time, and decision
(correct and incorrect). hcDRQN components show separate task strategies,
whereas hcDQN mixes task strategies. Note that RL agents do not show any ego-
centric incorrect dynamics because they learn these tasks perfectly (i.e., without
incorrect trials). All components are provided in Figs. S6, S7 and S8. b Strategy and
time demixed components colour-coded by strategy (allocentric in orange and
egocentric in blue). Dashed lines indicate the decision boundary obtained by a
linear classifier. Arrows denote the direction of progression over time. c Mean
squared error between normalised model and the animal data demixed compo-
nents.We also contrast agents trainedwith full andpartial observability (cf. Fig. S9).

Box plots show median (center line), interquartile range (box = Q1-Q3), and whis-
kers extending to the most extreme data points within 1.5 × IQR from Q1/Q3;
outliers beyond this range are not displayed. Independent two-sample, two-sided t-
tests across models (n = 30). **: p < 0.01, ***: p < 0.001, ****: p < 0.0001, ns indicates
no significant. p-values strategy: phcDRQN(partial) vs full = 4.04 × 10−20, phcDQN(partial) vs
full = 0.763, phcDRQN vs hcDQN (partial) = 8.58 × 10−9; time: phcDRQN(partial) vs full = 1.62 ×
10−9, phcDQN(partial) vs full = 0.448, phcDRQN vs hcDQN (partial) = 8.05 × 10−3; decision:
phcDRQN(partial) vs full = 0.887, phcDQN(partial) vs full = 0.0616, phcDRQN vs hcDQN

(partial) = 0.834. d Percentage of explained variance for all combined Decision,
Strategy, Interaction and Time components (cf. with individual components in
Fig. S6). Source data are provided as a Source Data file.
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models, this separation remains after the reward point. This dis-
crepancy betweenmodel and animal reward-relevant neural dynamics
is likely rooted in the distinction between reinforcement learning
agents, which receive instantaneous rewards, and animals, which
require several seconds to consume rewards. However, we should
point out that reward points in experimental data simply mean that a
sensor close to the reward was triggered, thus there is likely some
delay between triggering the sensor and actually perceiving the
reward. As before,weused themodel-data errormetric on thedecision
components (up to the reward point) and found no differences
between the hcDQN and hcDRQN (Fig. 3c right).

Models trained under full observability conditions do not appear
to provide a good match with experimental observations. To further
test this point, we compared model neural dynamics in agents trained
with full continuous access to the environment (Fig. S9). Our error
metric shows that agents trained with full observability provide a poor
match to neural dynamics when compared to agents trained under
partial observability (Fig. 3c). These results provide further support for
hippocampal recurrence as being important to navigate environments
under more naturalistic conditions, such as partial observability.

Finally, we contrast the degree of explained variance across
models and data. hcDRQN captures explained variance across beha-
vioural variables in a way that more closely matches awake tetrode
recordings (Fig. 3d). Of particular interest is the fact that hcDQN relies
more on mixed (or interaction) components (37%) compared to
hcDRQN (13%) and animal (17%),which is in linewith its inability to fully
solve all the tasks. On the other hand, for both hcDRQN and animal
dynamics, but not hcDQN, strategy explains a large amount of the
variance (hcDRQN: 27%; animal: 37%).

In summary, our neural dynamics analysis suggests that the hip-
pocampus is indeed involved in task strategy, temporal integration,
and reward-based decision, in a way that is best matched by hcDRQN
RL agents trained in partially observable environments.

Hippocampal RL agents with recurrence better capture animal
behaviour
Subsequently, we wondered whether RL agents could also capture
animal behaviour during the task. To juxtapose the actions of RL
agents against those of animals, we examined the trajectories
observed during maze navigation post-learning. In order to facilitate a
direct comparison with agent trajectories, we discretised the animal
trajectories into a 9 × 9 grid. The behavioural trajectories show that
hcDRQNbetter captures animalbehaviour in termsof time spent at the
starting point, decision, and the terminal state (Fig. 4a). Interestingly,
we find that bothmodels tend to spendmore time in the decision state
compared to the initial state, which shows that agents take some time
before committing to a final decision. This observation is related to
vicarious trial-and-error and increased dwell times often found in
rodents when approaching decision states46. Note that agents can stay
in a given cell because they can continue rotating left or right before
deciding to move forward. This behaviour is highlighted by cells with
darker red (Fig. 4a). On the other hand, as expected, the hcDQN agent
fails to discriminate between the two allocentric subtasks and instead
learns only one policy (allocentric south; Fig. 4a, middle). Next, to
quantify the time spent on each state, we calculated the ratio between
the time spent in individual states and the final state. This state-to-end
ratio shows that hcDRQN also better approximates animal behaviour
at this finer level and for allocentric strategies in particular (Fig. 4b, c).
Next, to study whether the better fit of hcDRQN to animal behaviour is
specific to a subtask, wemade this analysis across all possible subtasks
(Fig. 4d), and our results show that hcDRQN outperforms hcDQN.
When analysing RL agents trained with full observability, we observed
that hcDQN agents are still unable to provide a good match of beha-
vioural data (Fig. 4c, d; Figs. S12, S13). However, hcDRQN trained in

fully observable environments provides a slightly better match with
behaviour (Fig. 4c, d), demonstrating that considering neural dynam-
ics (as above) and task generalisation (see below), in addition to
behaviour, is important when comparing RL agents to animals.

Overall, hcDRQNs provide a better match to animal behaviour,
further supporting the role of hippocampal recurrence.

Recurrent agents capture more spatial information
As commonly observed in ANNs trained in spatial environments17–21,25,30,
we expected our models to also develop spatial encoding. To test the
importance of recurrence in spatial coding, we calculated spatial cod-
ing metrics (see Methods)21,47,48. Our results reveal that the hcDRQN
model trained with partial observability develops more compact and
spatially localised representations when compared to all the other
models (Fig. 5a; Fig. S14). Moreover, the hcDRQN model achieves sig-
nificantly higher spatial information and lower sparsity, indicating
more selective and efficient spatial coding, compared to the other
models (Fig. 5b; Fig. S15, Table S3). These distributions alignwith values
reported in dorsal CA149.

We also performed PCA on the population activity to visualise
how the models encodes spatial information (Fig. S16). The hcDRQN
model exhibits smooth, continuous trajectories with clear spatial
structure by position, reward, and step number compared to hcDQN.
Importantly, hcDRQNexhibits shared latent structure across north and
south starting locations while models trained with full observability
show abrupt clustering, suggesting over-reliance on direct sensory
input rather than internal shared memory dynamics.

Agent’s behaviour predicts state-dependent action values
Because the recurrent RL agent is able to solve all tasks we expected
this agent to yield state-action value predictions with higher andmore
certain Q-values when compared to the non-recurrent agent. To
examine this in more detail we analysed the action-values for each
state. First, we highlight the sequence of actions that makes hcDQN
take thewrong armand the correct policy learnedbyhcDRQN for both
allocentric tasks (Fig. 6a). As expected, on average, hcDRQNhashigher
Q-values than hcDQN, which reflects the fact that it learns all tasks
(Fig. 6b, bottom). Next, we studied action selection certainty by cal-
culating the relative Q-value variance across all possible Q-values for a
given state (Fig. 6b, top). This analysis shows that hcDRQN starts with
lower action certainty but that it gradually increases over states until
the terminal state. This reflects the effect of appropriate cue integra-
tion towards a decision, which can also be observed in models trained
with full observability (Fig. S17 and S18). In contrast, hcDQN becomes
more certain (i.e., lower variance) after the initial state, becoming again
more certain once the decision is made. This result is explained by the
relative variance obtained in allocentric tasks (Fig. 6b, right), which is a
consequence of the hcDQN’s inability to learn allocentric
tasks (Fig. 2d).

The observation that the hcDQN becomes overconfident in the
allocentric task, which it fails to perform, is reminiscent of the
Dunning-Kruger effect. This phenomenon suggests that expert indi-
viduals often exhibit less certainty than those who are less knowl-
edgeable or skilled50.

Network recurrence enables generalisation to stochastic
environments
Until now,wehave trainedRL agents in environments inwhich cues are
always present. However, both biological and artificial recurrent neural
networks can also integrate evidence over time in probabilistic
tasks51–53. To test the effect of stochasticity on the different agents, we
created environments in which cues randomly appear and disappear
(Fig. 7). We study two scenarios: (i) incremental random cue removal
during inference (i.e., after learning) and (ii) effect of random cue
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Fig. 4 | Hippocampal RL agents with recurrence capture animal behaviour. a Time spent on each maze state across the four strategies for rats, hcDRQN, and hcDQN.
Animals spendmore time at the decision and rewarded terminal points. hcDRQN better captures animal behaviour and hcDQN fails to solve the allocentric north task (cf.
Fig. 2).b Time spent on each state normalised to the time spent on the final (terminal) state inmodels and animal. The 2Dmaze is represented as a series of discrete states
along the optimal path from the starting point to the terminal point. Specifically, each of the 7 states corresponds to a unique position along this optimal 1D trajectory
within themaze. c Error of time spent across states between behaviour predictedby themodels and animal behaviour.dModel-animal behavioural errors (as in c) for each
possible task-pairs. hcDRQN showsoverall closermatch to animalbehaviourwhencompared tohcDQN.Data in (b, c,d) are presented asmean values ± SEM (n= 50). Exact
p-values are reported in Tables S4-S5. ****: p < 0.0001, ns indicates no significant (independent two-sample, two-sided t-tests acrossmodels). Source data are provided as a
Source Data file.
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removal on learning. During inference, the performance of hcDRQN
gradually declines as cue availability decreases, reflecting its depen-
dency on sensory cue integration (Fig. 7a). In contrast, hcDQN shows
no change in performance across different cue probabilities (Fig. 7b),
indicating that it does not rely on cue input and instead follows a fixed
policy. Notably, hcDRQN maintains performance above 60% even at
90% cue removal, demonstrating robustness to reduced sensory input.
When comparing the hcDRQN trajectories to the model without cue
removal, the agent switches to the default ’turn right’ policywhen little
or no cues are present. In addition, themodel spendsmore time in the
start and middle corridors because it must observe cues before
deciding which arm to turn onto. Next, we trained the hcDRQN in a
stochastic environment, where cues are randomly removed (Fig. 7c).
This analysis helped to confirm that, as expected, RNN-based models
can learn to integrate in stochastic environments. Indeed, we observed
that training with stochastic cue removal led to more robust perfor-
mance during testing (~10% improvement). Interestingly, when ana-
lysing trajectory behaviour, our model shows that agents trained with
probabilistic cues spendmore time at the starting location to integrate
sensory evidence for longer before committing to a decision (Fig. 7d).

This result is in line with experimental observations showing that rats
integrate sensory evidence over time and take longer to respondwhen
this evidence is more ambiguous54,55.

Taken together, these results suggest that recurrence plays a
critical role in learning to navigate stochastic environments, consistent
with the broader importance of recurrent dynamics for sensory inte-
gration in the brain51,53,54,56.

hcDRQN agent generalises to different task conditions
Finally, we tested whether the RL agents considered here can gen-
eralise to different task conditions not experienced during training
(Fig. 8a). First, we tested different lengths of the initial maze corridor
(Fig. 8b). This allowed us to test whether the RL agents memorise the
tasks or learn to integrate the cue information and maintain it in
memory to trigger the right action at the decision point. Our results
show that hcDRQN is robust to different maze lengths in both allo-
centric and egocentric trials. This demonstrates that indeed the
hcDRQN has successfully learned to integrate cue information, which
is then maintained in its recurrent memory for action selection when
required. The hcDQN is able to generalise within the egocentric task it

Fig. 5 | Recurrent agents achieve higher spatial information in partially
observable environments. a Example place fields for hcDRQN and hcDQN neu-
rons with the highest, median and lowest spatial information. b Spatial information
(SI) distributions for all CA1model neurons across hcDRQNandhcDQN forboth the
baseline environment (left) and the environment with a longer maze (right). Box
plots show median (center line), interquartile range (box = Q1-Q3), and whiskers
extending to themost extremedatawithin 1.5 × IQR from thehinges; points beyond
the whiskers are considered outliers and are not displayed. Thus, the plotted min/

max are the whisker endpoints, not the global extrema. Two-sided independent-
samples t-tests on per-neuron SI values (n = 200). phcDRQN vs hcDQN = 1.95 × 10−2,
phcDQN vs hcDRQN(full) = 2.38 × 10−4, phcDRQN(full) vs hcDQN(full) = 5.16 × 10−4, phcDRQN vs

hcDRQN(full) = 1.22 × 10−8, phcDRQN vs hcDQN(full) = 4.56 × 10−4, phcDQN vs

hcDQN(full) = 3.56 × 10−1. phcDRQN(long) vs hcDQN(long) = 6.45 × 10−4. *: p < 0.05, **: p < 0.01,
***: p < 0.001, ****: p < 0.0001, ns indicates no significant. Source data are provided
as a Source Data file.
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Fig. 6 | Agent’s behaviour predicts state-dependent action values. a Schematic
illustrating state-action policy for hcDRQN and hcDQN for allocentric subtask. It
highlights that hcDRQN solves the task and that it is more uncertain about which
action (i.e., different actions have similar values) until the decision point. Each state
is represented by 3 coloured arrows corresponding to the state Q-values where
darker colour means higher value. Note that the agent is capable of rotating left or
right at any position, including the start of the maze. Rotating changes the agent’s
orientation but not its position, which is why there are non-zero Q-values

associated with the left and right actions even at the starting location. b Top:
RelativeQ-value variance, givenby the varianceoverQ-values for each state divided
by the mean Q-value for each state. It shows that hcDQN decreases its relative
variance as it gets closer to the decision state (see arrows) and that it has higher
overall relative variance compared to hcDRQN. Bottom: Average Q-values over
environmental states. Data are presented as mean values ± SEM over 5 different
initial conditions. Source data are provided as a Source Data file.

Article https://doi.org/10.1038/s41467-025-64591-9

Nature Communications |         (2025) 16:9619 8

www.nature.com/naturecommunications


has learned, but this is primarily due to its ability tomap specific states
directly to actions, rather than through amodel of the task ormemory
of previous states. This limitation is evident in its failure to generalise
to trials involving distractors, as shown in the distractor condition
below (Fig. 8).

Next, we tested themodels on the same environment it was trained
on, but removing a set of cues at a time. Note that this is a complete
removal of cues, rather than stochastic cues as in the previous section.
When retaining all cues theperformanceobtainedby allmodels is in line
with the training performance, with hcDRQN being the best model and
the only onedoing better than chance in the allocentric tasks (Fig. 8d, all
cues). This demonstrates that themodels were able to remember all the
tasksonwhich theywere trained.To test forgeneralisation,wegradually
reduced the number of cues available in the environment. Our results
show that hcDRQN is the only model that can handle half of the cues
being removed (Figs. 8d and S19 for the same test with a longer maze).
Interestingly, cue removal is more detrimental to allocentric navigation
than egocentric navigation. This result is in line with experimental
observations, in which allocentric but not egocentric task performance
is impaired upon cue removal57(Fig. 8c). In contrast,models trainedwith
full observability cannot generalise, as they rely on the presence of
specific cues (Fig. 8g and h). Furthermore, the performance of both
allocentric and egocentric tasks under full observability declines pro-
portionally with the removal of cues. In both cases, the models fail to
complete the tasks when no cues are present. This is in contrast to the
partial observability version, where hcDRQN shows some degree of
robustness to cue removal (cf. Fig. 8d).

Finally, we repeated the original task on the T-maze, adding a
distractor cue and adding (Gaussian) white noise to the cues. When a
distractor cue is introduced, hcDQN’s performance drops to chance
level, whereas hcDRQN achieves a success rate of approximately 70%
(Fig. 8e). To test the robustness of both models to noise we tested a
range of noise levels (Fig. 8f). The hcDRQN model can handle a rela-
tively large degree of cue noise without any changes in the overall
performance, while hcDQN is more unstable and shows a faster
decrease in performance as the noise is increased.

Taken together, our generalisation tests demonstrate that
hcDRQN generalises better to different and realistic task conditions, in
line with animal behaviour.

Discussion
Naturalistic behaviour almost always relies on navigating environ-
ments with limited visibility. Here, we have shown that recurrent

hippocampal networks play a pivotal role in such environmental set-
ups. Our investigation began by training RL agents to perform ego-
allocentric tasks within partially observable environments. Remark-
ably, agents equipped with recurrent hippocampal circuitry success-
fully mastered these tasks, mirroring real-world animal behaviour.
Additionally, our models predicted reward, strategy, and temporal
neuronal representations, which we validated using tetrode hippo-
campal neuronal recordings. Furthermore, hippocampal-like RL
agents predicted state-specific trajectories which resemble experi-
mentally observed animal behaviour. In stark contrast, agents trained
in fully observable environments failed to replicate the experimental
data. Importantly, hippocampal-like RL agents with recurrence
demonstrated enhanced generalisation capabilities across novel task
conditions.

Motivated by the challenging conditions that animals often face in
the wild, we have focused on a task setup with partial observability.
This is also supported by the lack of visual acuity in rodents58,59. In
addition, when our models were trained with full observability, they
could not generalise (Fig. 8h), which further suggests that partial
observability provides a better model of animal behaviour. hcDRQN
performsparticularlywell in partial environments, in linewithprevious
research in artificial neural networks60. Partially observable environ-
ments represent a more realistic setup, which, together with our
results, suggests that hippocampal recurrence may have evolved to
support the ability to navigate in these conditions.

Ourmodel shows that hippocampal recurrence is needed to solve
all the tasks we tested due to its ability to remember the relevant
sensory cues. This is in line with experimental results showing that the
CA3 region is involved in maintaining working memory representa-
tions in delayed-to-match sample tasks9–11. Moreover, using low
dimensionality analysis we have shown that hippocampal neuronal
dynamics encode a difference between correct and incorrect trials.
This could be a reflection of animals taking different trajectories on
incorrect and correct trials or reward value transmitted from down-
stream brain areas as predicted by temporal different reinforcement
learning algorithms61,62. Furthermore, our work suggests that CA3
recurrence or other forms of hippocampal recurrence enable hippo-
campal networks to develop representations that are context-invar-
iant, which can then be used by downstream decoders for action
selection and reinforcement learning.

While here we have focused on a role of a CA3-like recurrence in
guiding learning to navigate partially observable environments, we
acknowledge that CA3 is not the only source of recurrence within the

Fig. 7 | Recurrence enables better generalisability to stochastic environments.
a Change in state-occupancy (with probabilistic cues - without probabilistic cues)
for the hcDRQN agent across different degrees of cue removal. b hcDRQN out-
performs hcDQN across different degrees of probabilistic cues. c Performance of

hcDRQN agents trained with probabilistic cues compared to without. The hcDRQN
was trained 80% cue probability. d Change in state-occupancy of hcDRQN agents
trained with probabilistic cues. Data are presented as mean values ± SEM over 5
different initial conditions. Source data are provided as a Source Data file.
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hippocampal formation capable of supporting such computations.
Notably, prior work by Schapiro and others12–14 has demonstrated that
“big-loop” recurrence—mediated by bidirectional connections
between entorhinal cortex (EC) andCA1 via themonosynaptic pathway
—can also support statistical learning and temporal integration. This
circuit provides an alternative mechanism by which the hippocampus
might associate past sensory cues with future states, especially in
scenarios requiring the accumulation of information across episodes.
Future work should consider the multiple hippocampal loops, which
can then be evaluated in light of the framework thatwe introduce here,
but also that of others12–14.

Our study generates experimentally testable predictions on the
role of recurrence in facilitating navigation in environments with lim-
ited visibility. In particular, our work predicts that perturbing hippo-
campal recurrence (e.g., CA3) should impair the ability of animals to
generalise to new and stochastic task conditions. Furthermore, our

findings suggest that plasticity in such recurrent synapses is important
in supporting these functions (Fig. 2d).

Because our focus is on contrasting models with neuroscientific
observations, we have used the same block-wise training of ego- and
allocentric tasks as employed experimentally. In this setup, our work
predicts that hippocampal recurrence is particularly important to
learn allocentric tasks (Fig. 2d). Generalisation tests, show that our
models are more robust to the removal of cues in egocentric tasks
when compared to allocentric tasks (Fig. 8c), consistent with experi-
mental observations57 and suggesting that the agents have learned the
macrostructure of the task. However, the tasks that we have used here
represent only a small subset of all the possible challenges that animals
are faced with. This means that our model-animal comparison is rela-
tively unfair, as animals have to deal with much more than solving
these two tasks. Relatedly, we have assumed the existence of action-
value output networks that perform clean allo-egocentric task-
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Fig. 8 | hcDRQN shows better generalisation to maze length, cue removal,
distractors and sensory noise. a T-maze setup for increased length of the middle
corridor, cue removal, distractor cue and random noise. b, Performance decrease
over gradual increase of the maze length shows that hcDRQN can handle middle
maze length being 32 steps. Black arrows on the X-axis represent maze corridor
length of 4 steps utilised during training. c,d, Animal andmodel performancewhen
cues are removed from the environment. Both hcDRQN (light green) and animal
(blue) allocentric navigation are highly dependent on cues while egocentric is not
affected by cue removal. On the other hand, hcDQN fails to solve both allocentric
tasks. Data represent mean ± SEM (n = 12, pallo = 0.0004, pego = 0.53, two-sided
Wilcoxon rank-sum tests). ***:p<0.001, ns indicates no significant. eWhenadding a
distractor cue, hcDQN drops to chance level while hcDRQN can still solve most of
the tasks. Significance stars indicate two-sided independent-samples t-tests across

models (p = 2.01 × 10−15). ****:p <0.0001. f,When addingwhiteGaussian noise to the
cues hcDRQN ismore stable and robust when compared to hcDQN.g T-maze setup
with full observability. This setup was used to evaluate generalisation capabilities
following cue removal (h). h Compared to models with partial observability, all
models with full observability show a drop in performancewhen cues are removed.
Data are presented as mean values ± SEM over 10 different initial conditions for
(d, e, h) and over 5 different initial conditions for (b, f). Source data are provided as
a Source Data file. Icons used in panels a,g are released by OpenMOJI under a
Creative Commons Attribution ShareAlike license 4.0. Panel cwas adapted from H
Malagon-Vina, S Ciocchi, J Passecker, G Dorffner, T Klausberger. Fluid network
dynamics in the prefrontal cortex during multiple strategy switching. Nature
Comms 309 (2018); reprinted with permission from Springer Nature under a
Creative Commons Attribution 4.0 International License.
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switching. While such computations are believed to be executed by
striatal networks63, the precise mechanisms remain elusive. Finally, we
have used artificial algorithms for credit assignment in hippocampal
networks. All these elements remain to be explored in future work.

Our results show that in the multi-task block-training setting we
tested, a model with a recurrent layer (hcDRQN) without experience
replay outperforms alternative methods that were specifically
designed for continual learning, consistent with recent machine
learning findings64. Given that hcDRQN is a systems-level approxima-
tion of the hippocampal system, it suggests that the brain relies on a
combination of recurrent neural networks to continually adapt to new
situations, at least in navigational tasks. It remains to be tested how
general these principles are across other areas of the brain.

In our work, we have either assumed task-specific output heads
(Figs. 2–4) or task ID information (Fig. S2) to enable agents to solve
multiple tasks. However, other solutions exist that are more biologi-
cally plausible. One possibility is that the brain mitigates interference
between tasks through orthogonalisation of neural
representations65–67. Another hypothesis is that the brain performs
latent-state inference, using accumulated evidence (e.g., reward his-
tory, environmental cues) to infer which task is currently active68,69.
Although our current models do not implement such mechanisms,
integrating a latent-state inference component or learning orthogonal
task representations would be an interesting direction for futurework,
and could help bring our models closer to the biological solutions
employed by rodents in blocked task settings.

Classical hippocampal models suggest that recurrence enables
pattern completion70,71, while more recent computational models
propose that the hippocampus creates a predictive map of the envir-
onment through successor representations25. Our research aligns with
this predictive view of the hippocampus, because in our model the
hippocampus learns to predict the correct trajectory to take given
sensory input, which is then reflected in simulated and experimental
neuronal dynamics (Fig. 3a). Furthermore, our findings underscore the
essential role of recurrence in constructing the hippocampal pre-
dictive map, consistent with the predictive view of hippocampal
function17–21,25,30. Our work complements this view by showing that
training RL agents under partial observability is important to capture
experimental observations. In another set of studies recurrent neural
networks (RNNs) have been trained to support spatial navigation. They
have shown that RNNs develop spatial representations similar to
experimental findings17–19. For instance,18 demonstrated grid-like spa-
tial response patterns, border cells, andband-like cells in trainedRNNs.
Similarly,17 revealed grid cell-like representations when training deep
recurrent reinforcement learning networks for 3D navigation.19 trained
a similar system, yielding neurons with spatial properties akin to those
in refs. 17,18. While these studies emphasize the importance of mem-
ory (see also ref. 20) and recurrence in hippocampal networks, they do
not assess their function in partial observability and its relationship to
experimental observations in goal-driven tasks, which is our focus. In
futurework, it would be of interest to combine our RL-based approach
with self-supervised approaches, as these probably provide com-
plementary functions17–19,21,30.

In comparison, other models have explicitly considered reward-
based navigational tasks. For example, work by ref. 27 utilises an actor-
critic network and goal-independent representations for solving
water-maze tasks, which was later extended hierarchically by ref. 29.
On the other hand,31 combined external vision, path-integration and
goal-driven reinforcement learning in a model evaluated on a physical
robot.Whilst thesemodels do connect various components to distinct
brain structures, they have largely overlooked the significance of hip-
pocampal recurrence and its implications in real-world scenarios,
including partial observability. Our research highlights the critical
nature of these features in accurately modelling both behaviour and
neuronal dynamics.

A limited number of models in neuroscience have considered
environments with partial observability72,73. A notable exception are
Clone Structured Cognitive Graphs that create latent state-spacemaps
for aliasing (i.e., partial observability) while capturing cognitive map
phenomena73,74. Our work adds to this body of literature supporting
the importance of partial observability in explaining experimental
observations.

Overall, our work suggests that hippocampal networks play a
critical role in the ability of animals to continuously adapt to the
environment under realistic conditions and with good generalisation
properties.

Methods
We begin by outlining the deep reinforcement learning approaches
employed in this study, followed by an explanation of the methods
utilised for the analysis of neural data.

Reinforcement learning models
We developed a deep reinforcement learning model consistent with
the hippocampal architecture. To train the models we designed a
custom-built 2D gym-minigrid maze33, mimicking the T-maze envir-
onment (Fig. 1a) in line with common experimental setups, which
allows us to compare our models with the behavioural and neural
data5. In order to capture cues commonly placed on external walls in
experimental setups, we placed four cues in the environment in both
allocentric and egocentric trials, in line with ref. 5. At the beginning of
any given trial, the agent was placed at the start of the north or south
arms of the maze following the same setup of the animal experiments,
and we closed access to the opposite arm, thus converting the maze
into a T-maze. We considered two terminal states: one rewarded and
one unrewarded. After reaching a terminal state (rewarded/unre-
warded) we allowed the agent to continue exploring for three extra
time steps, which allowed us tomodel the animal behaviour right after
reward consumption. During model training, we extracted neural
activities that we used to contrast model and animal neural data. Note
that direct sensory information about the terminal stateswas not given
as input to the agent.

Deep RL agents. Reinforcement learning (RL) models an agent that
observes the environment and takes anactiona. This action transitions
the agent into a new state s of the environment, whichmight give back
a reward r according to the utility of the action selected. This can be
formally defined by a Markov Decision Process as tuple of
hS,A,P,R, γi where S is the set of all the states, A is the action set, P
the transition matrix Pðs0js,aÞ from current state s to the next state s0

when taking action a. The objective is to maximise the expected total
rewards, called return Gt defined as Gt =

PT
k = tγ

k�tRk + 1 where t is the
current time step, Rt+1 is the reward obtained at time t + 1, γ is a
discount factor such that 0≤γ < 1 and T is the time atwhich the episode
terminates.

For the hippocampal RL models, we build on the standard deep
reinforcement learningmodels. In particular, we use Deep Q-networks
(DQN)34, in which states s are provided as input to an artificial neural
network that are then mapped onto value-action pairs Q(s, a). The
network is trained using state-outcome transition tuples, ðs,a, s0, rÞ,
where s is the current state, a is the action, r denotes reward outcome
and s0 the next state. The error function used to train the hippocampal
network follows a Q-update function as Ei at step i:

EiðθiÞ= Es,a, s0 , r�D½r + γmaxa0Qðs0,a0; θ�i Þ �Qðs,a; θiÞ�2 ð1Þ

where θ denotes the network weights, γ is the discount factor and D is
the dataset of past trajectories. As done by standard DQNs we use the
concept of target network (θ−). The target network is a frozen version
of the primary neural network, which helps to stabilise reinforcement
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learning. It is updated at regular intervals to avoid inflated estimations
of the Q-values. The hyperparameter target update counter controls
the frequency of updates of the target Q-network. Equation (1)
calculates expectation of the squared error between the target Q-value
and the predicted Q-value over a batch of state-action experience
tuples.Weminimise this expected error by adjusting the parameters θi
of the network using standard gradient descent and Adam optimiser
(see parameters in Table S1).

To create a model that more closely captures the hippocampal
circuitry, we consider a three-layered structure with the input layer
modelling entorhinal input to Dentate Gyrus (DG), the first layer
represents CA3, a second layer represents CA1, and the output layer
encodes the value of a given action-state pair,Q(a, s) (Fig. 2b). The DG
input originates from the entorhinal cortex (EC) which is believed to
provide the hippocampus with a spatial map of the environment23. In
our model, the EC spatial map is approximated by the 2D top-down
spatialmapprovidedby theminigrid environment (Fig. 1c). The output
layer encodes state-action Q values, which abstracts out hippocampal-
to-striatum functional connectivity35. AQ-valueoutput actionheadwas
not sufficient to solve all tasks thatwe consider, even in thepresenceof
replay mechanisms (Fig. S3a). Therefore, to ensure that the network
could solve the two tasks (ego and allocentric) we use task-specific
heads (i.e., two heads) at the output (see Methods), for all the models
we consider. In biological networks this could be implemented
through task-specific contextual signals75. Indeed, it is also possible to
train agents with only one head, provided that a task-specific con-
textual signal is provided as input to themodel (Fig. S2). Note that it is
only at the output level that we assume task-separation (i.e., one out-
put head for allocentric and another for egocentric tasks). This means
that the representations developed by the hippocampus have to be
generalisable across the different tasks. Given that we can capture key
aspects of experimental data with this setup, this implies that task-
specific Q-action values are encoded outside the hippocampus.

All our models have a three-layered (hippocampal-like) structure
inwhich the input layer is of shape (RxC) whereR is the number of rows
in the input grid, C is the number of columns. The output layer has
Nx1 shape (N = 3) denoting theQ-values for the 3 actions that the agent
can take in the environment (left, right, forward). We use a standard
discount factor (γ = 0.9), no replaymemory (i.e., replaymemory buffer
size = 1, but see Fig. S3 for different variants) and a batch size of 1
during training. Adam is used as the optimiser with a learning rate α of
0.001. We use a CA3 layer size of 50 for all models considered. In the
case of hcDRQN these units are Gated Recurrent Units. A Gated
Recurrent Unit (GRU)40,41 network is a specially designed recurrent
neural network that can capture long temporal dependencies in data.
GRUs achieve this through a gating mechanism, which regulates the
flow of information. This mechanism includes an update gate, con-
trolling the extent to which a GRU unit keeps the previous state, and a
reset gate, deciding howmuchpast information to forget. The learning
rate and ϵ (0.3 − 0.05) for ϵ-greedy, which controls the trade-off
between exploration (choosing new actions) and exploitation (using
known actions) have been selected using a grid-search. All the hyper-
parameters are given in Table S2.

Partial observability. In our grid-based environment, models operate
under conditions of limited environmental observability,mirroring the
real-world challenges facedbynavigating animals.Moreover, in reality,
animals rarely possess complete access to all pertinent sensory data
during navigation. For instance, they may initially focus on cue infor-
mation but then shift their attention to executingmotor commands to
reach their destination. In experimental neuroscience, while cues are
typically positioned along the outer walls of a room5, animals do not
continuously fixate on these cues. Additionally, maze setups often
involve the incorporation of walls of varying heights, further restrict-
ing the visual input available to the animals.

To substantiate the importanceof CA3 in navigation and its ability
to better align with experimental findings in partially observable
environments, we compare our models against those trained with full
visibility. This comparison underscores the significance of CA3 and its
capacity to more accurately capture experimental outcomes when
navigating in environments with limited sensory input.

Training details. The training phase consisted of a block of allocentric
and egocentric trials. Specifically, each block contains 25 trials, and
there were a total of 4 blocks (allocentric north/south, egocentric
north/south). To model egocentric trials the reward location changed
between north and south, but for allocentric trials itwas kept constant.
The agentswerefirst exposed toblocks of allocentric trials in the north
direction,whichwere then alternatedwith blocks of allocentric trials in
the south direction. This alternating pattern was repeated four times
before switching to egocentric trials. The same north/south combi-
nation was maintained throughout the duration of the egocentric
trials. In total, the training consisted of 10,000 individual trials (200
blocks each with 25 trials for both ego and allocentric tasks).

All model parameters (weights and biases) were updated using
BPTT within the trial and once the model reached the terminal state
(i.e., there is no BPTT across trials and batch-size=1). Further, BPTT is
applied at every two steps backwards in time until the first step is
reached, as is commonly done in deep RL76. The maximum number of
steps that BPTT can go back in time is 128 steps, which is also the max
number of steps during inference. hcDQN is trained in a similar fashion
but we do not backpropagate the gradients in time towards the first
step. During model testing, such as during the generalisation tests, we
turn off learning/plasticity.

A two-head setup is utilised, where the final layer outputs two Q-
values: Q-value-allo andQ-value-ego. The state input to themodels are
2D matrices where cues, walls and no-walls were encoded as scalar
values. For the partial view the observation size was 9 (3 × 3) while for
the full view was 81 (9 × 9).

Generalisation tests. We performed four types of generalisation
tests (Fig. 8):
1. Longer maze: In this test, the length of the starting corridor was

increased while keeping the length of the two terminal arms
constant.

2. Cue removal: Different combinations of cue removal were per-
formed, ranging from removing all cues to removing none. The
cues were removed at the beginning of the trial, meaning that the
agent had no access to the cue at any point during the task. This is
in contrast to the experiments on probabilistic cue removal
(Fig. 7), where the agent still had access to these cues with a given
probability.

3. Distractor: Another cue (represented by a scalar value) was added
just next to (below) the existing cues.

4. Random noise: We added normally distributed noise, N ðμ, σ2Þ
with μ = 0 and σ2 in the range of (1,15).

Continual learning algorithms. Continual Learning, also known as
Incremental or Life-long Learning, refers to the ability of a model to
sequentially master multiple tasks without losing previously acquired
knowledge, even when data from older tasks are no longer accessible
during the training of new ones.We evaluated the performance of two
state-of-the-art regularisation-based continual learning algorithms:
Elastic Weight Consolidation (EWC)42 and Synaptic Intelligence (SI)43.
These artificial algorithms were tested against our recurrent and non-
recurrent DQN architectures in identical task settings. EWC adds a
penalty term to the loss function, derived from a Fisher Information
Matrix (also calledweight importance), which guides the learning such
that information pertaining to previous tasks remains preserved. On
the other hand, SI determines the importance of each neural network
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weight throughout the learning process and uses this information to
restrict weight updates, preserving prior task knowledge. Both
importance measures, which are tunable configurations (hyperpara-
meters), were selected through hyperparameter optimisation (the
EWC weight importance was set to 800 and the SI weight impor-
tance to 30).

Experiments with fully observable environments. We repeated the
main results with a fully observable environment with both hcDRQN
and hcDQNmodels. Although both models can learn all tasks in terms
of performance, their dPCA analysis does not show a clear separation
of all the components. In hcDRQN, decision and strategy follow the
same trendswith activity dropping to zero right after the rewardpoint.
This is the opposite of the partial view hcDRQN and animal activity
where strategy components keep the separation even after the reward
point. Moreover, hcDRQN fails to capture the time component. The
hcDQN model completely fails to separate the strategy north com-
ponents. Overall, given that full view model fails to capture dPCA
components we argue that the fully observable environment does not
provide a goodmatch of the hippocampal data.We run further tests to
analyse the animal trajectories and the generalisation capabilities of
these full view RLmodels. Although most of the trajectory maps show
a close match between the animal and hcDRQN, there are situations in
which the hcDQN seems to be a better match to animal data. The
generalisation tests highlight the limits of the fully observable models,
as cue are gradually removed performance drops drastically, empha-
sising the dependency of these models on the cues. Animal perfor-
mance and partial view RL models show evidence that egocentric task
do not rely on cues, however, the fully observable models remain
highlydependent on the cues.Overall our results suggest thathcDRQN
trained with partial observability provides an overall best match with
animal behaviour and neuronal encodings.

Computingdetails. All experimentswere conductedon theBluePebble
supercomputer at Bristol; mostly on GPUs (GeForce RTX 2080 Ti) and
some on CPUs (Intel(R) Xeon(R) Silver 4112 CPU @ 2.60GHz). We did
not record the total computing time for the experimental results pre-
sented in this paper, but this can be estimated as follows. To train each
model (one seedwith all the task-specific trials) takes approx 1 hour and
30 min. For each of the models, we run 5 random seeds, resulting in
approx 6 hours per model. When recording the activations, the total
time is around8hours. Testing a singlemodel for one seed takes approx
5min. Overall total time it takes to run ourmodels is 32 hours (8 x 4) for
training with 5 seeds and 2 hours for the testing results with 5 seeds.

Statistical analysis. Due to the inherent variability of the starting
conditions on the learning path of these models, we trained our
models across 5 different randomly selected seeds. To assess the sig-
nificance of all relevant figures, we conducted a two-sided paired t-test
on the relative alterations across the various seeds. Significance levels
are denoted as follows: * (p < 0.05), ** (p < 0.01), *** (p < 0.001), and ****
(p < 0.0001).

Spatial coding analysis. To quantify the spatial coding of CA1 units,
we computed three standard place-cell metrics21,47,48 on discretised
x × y occupancy maps. First, spatial information (SI) measures how
much observing one unit activation reduces uncertainty about the
agent’s location. SI is expressed in bits and is high when a unit fires
selectively in a small subset of bins. Second, the sparsity index captures
how unevenly activity is distributed across space. A value near 0
indicates a sparse code (few bins active), whereas a value near 1 indi-
cates dense, broadly tuned firing. Third, spatial coherence quantifies
local smoothness by correlating each bin’s firing rate with the mean of
its eight neighbours; high coherence reflects well-formed, contiguous

place fields.

SI =
X
i

pi
ri
�r
log2

ri
�r

� �
ð2Þ

Sparsity =

P
ipiri

� �2
P

ipi r
2
i + ϵ

2 ½0, 1� ð3Þ

Coherence = corr ðri, ~riÞ ð4Þ
To compute thesemetrics for every neuronwe (i) accumulated an

occupancymap and an activitymap across all episodes, (ii) divided the
latter by the former to obtain the place field ri, and (iii) evaluated the
above formulas using only bins with non-zero occupancy (see Table 1
for details about the variables used). Metrics were averaged over
neurons within each model and compared with two-tailed t-tests
(Fig. S15, Table S3). This triplet of metrics jointly characterises infor-
mation content, coding sparsity and field smoothness, providing a
compact yet interpretable lens on spatial representations learned by
the models.

Neural and behavioural experimental data
Neural data analysis using demixed PCA. We used the neural activ-
ities of 612 hippocampal CA1 neurons from five behaving rats were
recorded, which were obtained in the dorsal and ventral CA1 using
multiple tetrodes (Fig. 3a; see full details in ref. 5). Spike sorting was
used to assign spikes to different neurons (full details in ref. 5), which
were then converted to firing rates of individual neurons using a bin
size of 0.2s5. Neural activity was aligned to the crossing of a reward-
sensor. We considered neural activity 2s before and 4s after crossing
the reward sensor for dPCA analysis. The reward sensor was located 10
cm from the end of the rewarded area. Animals were trained on a
T-maze task inwhich rats had to followboth allocentric and egocentric
navigational rules to reach reward points. We performed demixed
Principal Component Analysis (dPCA)77 on the neuronal firing rates
using 3 behavioural variables – trial decision, strategy and time (dPCA
λ = 2.919e−05 was found using grid-search as done by ref. 77). We used
the dPCA code made available by the authors of77 in https://github.
com/machenslab/dPCA. Formodels,we aligneddata to the timestep in
which a terminal state was reached and converted timesteps to sec-
onds by making one timestep correspond to 200ms. To contrast with
animal data, we continued recording the neural activity for 4s after
reaching the terminal. The animal experiments used in our work were
approved by the appropriate ethics committee as in ref. 5.

To quantitatively assess the differences in neural dynamics
between observed data and model, we calculated the mean squared
error (MSE) for the principal components derived from dPCA of both
the animal and model CA1 neural activities. The MSE represents the
average of the squareddifferences between the observeddPCs (Yi) and
the dPCs predicted by the model (Ŷ i), as given by
MSE = 1

n

Pn
i = 1 ðY i � Ŷ iÞ

2
. Y and Ŷ i were normalised by their max and

min values before computing this error metric.

Table 1 | Nomenclature for spatial metrics

Symbol Meaning

i Index over spatial bins

pi Occupancy probability of bin i

ri Mean activity (firing rate) in bin i

�r Overall mean activity, �r =
P

ipi ri
~ri Local mean activity (3 × 3 uniform filter)

ϵ Small constant (10−8) to avoid division by 0
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Behavioural data. Thebehavioural data (i.e., animal task performance)
consists of a total of 47067 trials recorded over multiple days (3 to 7)
from a total of 5 animals5. However, as some animals only had a max-
imum of 800 continuous trials, we used a maximum of 800 continual
trials per animal. Themazewas cleanedwith an odour-neutral solution
every 10 trials to avoid odour-guided navigation as described in ref. 57.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The animal data used in this study are available at http://github.com/
neuralml/hcRL. Source data are provided with this paper.

Code availability
The code used for data analysis in this study is available at http://
github.com/neuralml/hcRL. We used the PyTorch library for all rein-
forcement learning models. The code used in our simulations is also
available at http://github.com/neuralml/hcRL, released in Zenodo
(https://doi.org/10.5281/zenodo.17008842).
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