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This manuscript reports a valuable modeling study on sequence generation in the
hippocampus in a variety of behavioral contexts. The authors model context-depending
decision making, and suggest that psychiatric disorders can be interpreted in terms of
over or under representation of context information. The presentation is solid, and the
work will interest the broad community of researchers studying cortical-hippocampal
interactions and sequences.

https://doi.org/10.7554/eLife.106506.3.sa3

Abstract

Animals flexibly change their behavior depending on context. It is reported that the hippocampus
is one of the most prominent regions for contextual behaviors, and its sequential activity shows
context dependency. However, how such context-dependent sequential activity is established
through reorganization of neuronal activity (remapping) is unclear. To better understand the
formation of hippocampal activity and its contribution to context-dependent flexible behavior, we
present a novel biologically plausible reinforcement learning model. In this model, Context
selector promotes the formation of context-dependent sequential activity and allows for flexible
switching of behavior in multiple contexts. This model reproduces a variety of findings from
neural activity, optogenetic inactivation, human fMRI, and clinical research. Furthermore, our
model predicts that imbalances in the ratio between sensory and contextual representations in
Context selector account for schizophrenia (SZ) and autism spectrum disorder (ASD)-like
behaviors.

Introduction

Humans exhibit highly flexible behavior. However, a major challenge in solving various tasks with
one neural network is that the same external stimulus can have different meanings depending on
the context. For example, the word “mouse” can mean either an animal or a PC device, depending
computation should not be based only on the word “mouse” alone, but also on the context it
appears in. In experiments, it is reported that the hippocampus is one of the most important
Tingley, 20184 ; Skaggs and McNaughton, 1996 (7 ; Wilson and McNaughton, 1993 (2) related to
episodic memory (Burgess et al., 2002 @), the amount of reward (Ambrose et al., 2016 @), planning
(Olafsdottir et al., 2018 (%), and recall (Carr et al., 2011 @), and their representation depends on the
context (Hasselmo and Eichenbaum, 20057 ). Additionally, hippocampal neurons exhibit
reorganized neural activity called remapping (Bostock et al., 1991 &2 ; Muller and Kubie, 1987 ),
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sequential activity in the hippocampus is established through remapping and how it contributes to
flexible behavior remain to be understood.

Several theoretical models have been proposed to explain how hippocampal activity depends on
context. The first approach uses the structure of the environment. The Tolman-Eichenbaum
Machine (Whittington et al., 2020 @) and the Clone Structured Cognitive Graph (George et al.,

the network. However, these models entail optimization procedures like backpropagation or the
expectation-maximization (EM) algorithm (Whittington et al., 2020@, George et al., 2021 @),
which are not considered biologically plausible. The second approach uses eligibility trace to
explain how past experiences, i.e., temporal context, are integrated into hippocampal activity
(Cone and Clopath, 2024 ). In this framework, the length of the temporal context is constrained
by the time constant of the eligibility trace.

Nevertheless, animals can flexibly estimate the current context using history of various lengths
(Barnett et al., 2014 (@), suggesting that hippocampal activity may not be bound by a fixed
eligibility window. The third approach trains recurrent neural networks (RNNs) to replicate the
dynamics of hippocampal activity (Leibold, 20202 ). While previous works have explored
hippocampal sequential activity for planning (Jensen et al., 2024 2 ; Mattar and Daw, 2018 (%;
Pettersen et al., 20244 ; Stachenfeld et al., 2017 @) and hippocampal remapping for contextual
inference (Low et al., 2023 (@) separately, they have yet to elucidate how these two aspects jointly
enable flexible behavior. A simple biologically plausible model-based reinforcement learning
model that uses the Amari-Hopfield model for context selection and hippocampal sequences of
various lengths as a state-transition model for long-horizon planning, relying on remapping driven
by prediction errors to form state representation, would thus provide valuable insights into the
neural mechanisms underpinning context-dependent flexible behavior.

We aim to understand how hippocampal remapping, driven by prediction errors, gives rise to the
formation and use of context-dependent hippocampal sequences, providing a biologically
plausible account of flexible behavior, including rodents and humans. Our key idea is as follows.
When the external environment deviates from the expectations of the current subjective context,
prediction errors arise and trigger remapping. This process recruits distinct subsets of neurons to
encode novel experience, thereby establishing separate contextual memories and enabling flexible
goal-oriented behavior in response to sudden environmental changes. To demonstrate the
capability of this idea, we constructed a computational model comprising two modules: Context
selector that selects the appropriate context based on prediction errors, and Sequence composer
(hippocampus) that learns to compose neural activity sequences predicting future events by
concatenating context-dependent hippocampal segments according to reward. Our model
implements simple model-based reinforcement learning in ambiguous contexts, yielding flexible
behavior using a biologically plausible synaptic plasticity rule. We show that it reproduces a range
of context-dependent hippocampal activities as well as the impairments associated with specific
brain lesion studies.

Finally, our model predicts a relationship between deficits in model-based behavior and sensory
processing. Clinical research has reported that patients with schizophrenia (SZ) or autism
spectrum disorder (ASD) often exhibit problems with both behavioral flexibility and sensory
processing, including hyper- and hyposensitivity (Javitt and Freedman, 20152 ; Watts et al.,

2016 %). These symptoms frequently co-occur, but the underlying reason remains unclear. Our
model shows that the relative sizes of the neural populations in the sensory-processing region and
the context-processing region within Context selector are important for contextual inference,
suggesting that treatments targeting sensory processing could improve cognitive flexibility in

some psychoses.
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Figure 1. Schematic representation of our model.

A, An example of context-dependent cognition. Humans can understand the meaning of “mouse” (an animal or a computer
input device) depending on the context. B, Our model involves two modules: Context selector (X) and Sequence composer
(H). X chooses a context depending on the external stimuli and the input from H, and activates a sequence in H. This
sequence is used for reward prediction. In addition, H sends predictive feedback about external stimuli to X. C, The schematic
figure of two kinds of remapping. Grey boxes indicate external stimuli, orange boxes indicate hippocampal segment (a part
of hippocampal sequence), blue circles indicate contextual state, and green cross marks indicate the prediction error about
external stimuli (left) and about reward (right). Solid lines indicate the actual state transition and dotted lines indicate virtual
state transition that is created in the past transition. Green arrows indicate the synaptic potentiation related to remapping. D,
E, Attractor dynamics of Amari-Hopfield network related to SPE-driven remapping (D) and RPE-facilitated remapping (E). Blue
dotted lines indicate an energy landscape, and green solid lines indicate the chosen attractor as a result of remapping. F,
Hippocampal segments in H are combined depending on rewards (purple arrows) and formed into task-dependent
sequences. Each sequence supports action planning and enables predictions of future external stimuli and rewards. G, An
example state transition related to hippocampal sequence formation. In early phase, hippocampal neurons are activated
through the input from X, while in the late phase, hippocampal neurons are activated through the recurrent input within H.
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Results

As illustrated in Figure 1B(2, we modeled the neural mechanisms of context-dependent behavior
as the interaction between two functional modules: Context selector (X), which selects appropriate
contexts, and Sequence composer (hippocampus, H), which generates neural activity sequences
that predict future events. We use the Amari-Hopfield network (Amari, 1972 2 ; Hopfield, 1982(%)
with Hebbian plasticity for X. X has two domains: a stimulus domain that represents external
stimuli, and a contextual domain that represents subjective contextual information. While the
stimulus domain represents environmental states specified by the external stimuli, the contextual
domain represents the contextual states for a given environmental states, which correspond to
different subjective interpretations or associations of the external stimulus. X can stably store

multiple contextual states by creating attractors in Amari-Hopfield model.

Our model’s operations are algorithmic in nature indicated in Figure S1Z. When agents are at a
starting point (i.e., a landmark), X initializes the neural activity of the contextual domain based on
the external stimulus (see Materials and methods ). When agents move to other environmental
states, X receives predictive input from the lastly activated hippocampal segment together with the
external stimulus and estimates the current context. Once X’s contextual state is set, it transmits
the resulting output to H, which then activates an initial segment of H’s episodic sequence. H
produces an episodic sequence corresponding to hippocampal replay (Davidson et al., 2009 (3) or
planning (Olafsdéttir et al., 2018 ) based on its connectivity. For simplicity, we use a binary
recurrent neural network for H, whose connectivity is updated by a three-factor Hebbian plasticity
rule that depends on reward (see Materials and methods @). Each replayed sequence is associated
with actions (i.e. transition to the next environmental states) and two predictive outcomes:
predicted future external stimuli and expected reward value. Based on the source of prediction
errors, we consider two types of remapping: sensory prediction error (SPE)-driven remapping and
reward prediction error (RPE)- facilitated remapping (Figure 1C(%). SPE-driven remapping is
triggered when the mismatch between the predictive inputs from H to X and externally driven
sensory inputs exceeds a threshold (see Materials and methods @), causing X to either transition to
a different contextual state or form a new one (Figure 1D (). RPE-facilitated remapping is more
likely to be triggered when the agents execute an action plan following a hippocampal sequence
marked by a no-good indicator. The no-good indicator indicates that the action plan, i.e. the
hippocampal sequence, has recently been associated with negative reward prediction errors,
possibly due to environmental changes (see Materials and methods (2). It then facilitates the
exploration of alternative hippocampal sequences (Figure 1E(%). At the beginning of learning,
hippocampal segments are not connected, and H yields only short sequences that generate
immediate actions and short-term predictions. As learning continues, the three-factor Hebbian
plasticity rule concatenates these segments, thereby creating longer sequences that reflect the task
structure (Figure 1F2). Thus, H learns to generate extended sequences that outline a course of
actions and predict both reward and subsequent changes in the environment without explicit
inputs from X (Figure 1G @), forming a simple transition model for model-based reinforcement
learning (Coulo

agent explores a random action not specified by that sequence (see Materials and methods (2).

In the framework of reinforcement learning, our model can be mapped onto a Bayesian-adaptive
model-based architecture in which contextual state serves as the root of Monte Carlo tree search
(Guez et al., 2013 (@) in a simple, largely stable environment with noiseless and unambiguous
sensory stimuli, and only occasional abrupt changes. In this setup, prediction errors arise from the
agent’s lack of experience or due to abrupt environmental changes. Once a context selector X infer
the hidden state, the sequence composer H generates episodic sequences that correspond to
trajectories in a search tree, each branch representing possible action-outcome sequences. Just as
Monte Carlo tree search explores potential future paths to evaluate expected rewards, H produces
hippocampal sequences that simulate future states and rewards based on its learned connectivity.
In this way, X defines the context that anchors the root of the tree, while H expands the tree
through replay or planning, thereby our model provides a simplified algorithmic implementation
model-based reinforcement learning via tree search planning. However, these conceptual
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similarities are qualitative rather than quantitative. The goal of this work is not to achieve
Bayesian optimality, but rather to show qualitative remapping-related processes that support goal-
directed planning following epistemic errors.

Splitter cells

Our model reproduces a range of hippocampal activity patterns that align with empirical data.
First, we confirmed that our model reproduces the splitter cells reported in the hippocampus
(Dudchenko and Wood, 2014 (2). Splitter cells are a subset of hippocampal neurons that fire
differentially on an overlapping segment of trajectories depending on where the animal came
from, and/or where it is going. It is known that they do so based on information that is not present
in sensory or motor patterns at the time of the splitting effect, but rather appear to reflect the
recent past, upcoming future, and/or inferences about the state of the environment (D
2023@).

Experimentally, splitter cells are most often observed in an alternation task in a modified T-maze.
Here, we simplified this task by using an environment with five discrete states (S1 - S5), i.e., five
In this environment, agents successfully solve this task by SPE-driven remapping, which creates
different contextual states X2a and X2 at an environmental state S2 based on where the agents
came from, and thereby enabling context-specific exploration of which state to go (S3 or $4)
(Figure 2B(®).

where the environmental states (e.g., S1, S2...) are represented in the stimulus domain and the
contextual states (e.g., X1, X2a...) are represented in the context domain. A second contextual state
at S2, X2f3, was generated through SPE-driven remapping at the second visit of S2 (second trial)
Sequence composer, two types of neurons exist: state-coding neurons, which represent each
contextual state, and transition-coding neurons, which encode transitions to successive contextual
states given the contextual state indicated by the state-coding neuron (see Materials and

active in this order. Note that in the real brain, not only hippocampus but also the premotor cortex
and the basal ganglia contribute to action planning and execution (Hikosaka et al., 2002 (). Here,
however, we focus on how simplified planning sequences are learned and composed in a context-

environmental state transition from S2 to S4 in the 29, 5™ and 8™ trials, which corresponds to a
contextual state transition from X2f to X4 in the X module. However, because this transition was
not rewarded, no synaptic potentiation occurred among hippocampal neurons. Subsequently, in
the 11th trial, the agent attempted an environmental state transition from S2 to S5, which
corresponds to the transition from X2 to X5 in the contextual states. The agent received a
reward at S5, and the corresponding hippocampal sequence was strengthened, enabling the agent

hippocampal sequences increases, and eventually planning of the transition from one reward
state to the next is possible (Figure 2G ). Our model can be compared to the neural activity of the

Lap cells

The emergence of splitter cells explored above has also been studied in previous work (Duvelle et

al., 20233 ; Hasselmo and Eichenbaum, 2005 (2 ; Katz et al., 2007 3 ). However, these approaches
generally assume that an appropriate temporal context—or a fixed length of sensory histories—is
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Figure 2. Our model replicates the emergence of splitter cells.

A, Simplified alternation task diagram. At each time step, the agents transition between environmental states. B, A successful
contextual state transition of our model. Preparing 2 different contextual states X2a and X283 at S2 is necessary to solve this
task. C, An example environmental state transition (left) and contextual state transition (right). Check marks indicate the
rewarded states, and cross marks indicate non-rewarded states. Red shades indicate the right-turn trials and blue shades
indicate the leftturn trials. (Right) The intensity of blue indicates the order of created contextual state, following history-
driven remapping indicated in green triangles. Red outlines indicate X2a and blue outlines indicate X28. D, The corresponding
neural activity of X to each contextual state. The neurons in the stim. domain are sorted according to external stimuli. E, The
corresponding hippocampal activity at each contextual state. Red square indicates the transition-coding neuron of S2 to 54,
and blue square indicates the transition-coding neuron of S2 to S5. Purple line indicates the hippocampal sequence, which is
gradually lengthened in reward-dependent manner. F, The correct rate of our model. The error bar indicates the standard
error of the mean (N = 40). G, The maximum number of environmental states ahead that the agents planned (planning
length) gradually increases over learning. Black lines indicate the planning length of each agent, and the red line is their
average. H, Emergence of splitter cells in the hippocampus in the modified T-maze modification task (Wood et al., 2000C3). 1,
The transition-coding neurons in our model replicate the emergence of splitter cells in S2.
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prepared in advance. This assumption becomes problematic in tasks where the number of
required histories is unknown or changes dynamically: preparing too few histories results in
failing to solve the tasks, while preparing too many slows down the search for a solution. Instead
of preparing temporal context of fixed length in advance, our model uses remapping that adds
new contextual states whenever a prediction error arises. This approach enables on-demand
creation of contextual states and accelerates solution-finding in dynamically changing tasks.

To show the advantage of our model, we demonstrate that our model replicates the emergence of
lap cells (Sun et al., 2020 2). We set up a simplified discrete environment with a loop structure

rewarded for the shortest transitions through environmental states S1 - S2 — S4. After 20 trials,
the environment changes, and the agents are rewarded for one lap transition, i.e.,, S1 - §2 - S3 -

laps). In Sequence Composer, the transition of contextual state X1 —» X2a - X3a - X2 - X4 is
reinforced. After another 20 trials, the task environment changes again and the agents are
rewarded for two laps,i.e.,S1 - S2 - 83 - S2 - S2 - 83 - $4, or more. Either the shortest
transition, X1 - X2a - X4a, or the one lap transition, X1 - X2a - X3a - X2 - X4p, is no longer
rewarded, which triggers another RPE-facilitated remapping and exploration. During exploration,
history mismatch occurs in S2, S3 and $4, and the contextual states for the second lap (X2y, X4y)
are generated. Finally, the rewarded transition of contextual states and corresponding sequence,
ie, X1 - X2a - X3a - X2 - X3 - X2y - X4y, is reinforced (Figure 3B(2).

In our model, most agents can solve this task (Fig

rewarded for every four laps of a circuit, different hippocampal neurons fire for each lap. Our
model replicates this result with the different hippocampal cells firing for different laps (Figure

the lap-specific activity (i.e., event-specific rate remapping (ESR)) without much affecting spatial
encoding. Our model replicates this result by blocking the synaptic transmission from most of
neurons in the context domain of X to H (Figure 3F(2).

This task can also be solved by simply preparing temporal contexts with three steps of sensory
history (n = 3), which is the minimal number to solve this task (see Materials and methods™® for
Model-free learning). However, it takes much longer to find the correct transition for solving the 1-
lap task than our model because it involves an excessive number of states (Figure S2 %). This

result indicates that our model, which creates contextual states on demand, can perform better
than the model with a fixed-length history.

To demonstrate the advantage of our model in a rapidly switching task that requires different
history lengths, we show that an agent trained on both the 1-lap and 2-laps tasks can flexibly
alternate between them in a reward-dependent manner (Figure 3G (%), selectively engaging

Together, these results illustrate how hippocampal lap-like representations emerge through
learning and enable flexible context switching across tasks with distinct temporal demands.

Planning in a stimulus-cued dynamic environment

In the real world, external stimuli dynamically change, and animals make plans and derive
appropriate behavior by using the external stimulus as a clue. Here, we demonstrate that our
model replicates key features of stimulus-related contextual behavior and its neural activity
reported in experimental studies using SPE-driven remapping.
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Figure 3. Our model replicates the emergence of lap cells.

A, Simplified 2-laps task diagram. Agents are rewarded for the shortest path (S1- S2 - S4) for the initial 20 trials, for the 1-lap
path (S1- 525352 -.54) for the next 20 trials, and for the 2 or more laps (S1- 52 -S3-52 535254, etc.) for the next
40 trials. B, A successful contextual state transition map of our model. The environmental states S2 and S4 are split into three
contextual states (X2a, X2, X2y), S3 is split into two contextual states (X3a,X3B). and S4 is split into three contextual states
(X4a, X4B, X4y). C, The correct rate of our model. The error bar indicates the standard error of the mean (N = 40). D, The
planning length gradually increases during learning, depending on the task demand. The black lines indicate the planning
length of each agent, and the red line is their average. E, The comparison of (Left) lap cells in the hippocampus in the 4-laps
task (Sun et al., 202002 ) and (Right) our results of active neurons in H module. The x-axis represents each time step
(corresponding to environmental states), and the y-axis shows the sorted activity of H module. The transition-coding neurons
at S2 in 2-laps task are indicated in orange and green and purple squares corresponding to B. F, The inhibition experiment of
medial entorhinal cortex axons at CA1. ESR cells show a weak lapspecific correlation (ESR correlation) between light-on trials
and light-off trials, while they show a strong spatial correlation between light-on trials and light-off trials (Left). Our model
replicates the result qualitatively with the inhibition on and off (Right). G, The correct rate of 1-lap and 2-or-more-laps

alternation task. The error bar indicates the standard error of the mean (N = 40). H, The planning length adapts flexibly to the
task demand.

Neuroscience

Ito and Toyoizumi, 2025 eLife 14:RP106506. https://doi.org/10.7554/eLife.106506.3

8 of 36


https://doi.org/10.7554/eLife.106506.3
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

::"0.:‘ eLife Neuroscience

We consider a simplified environment of probabilistic cueing paradigm (Ekman et al., 2022 ). In
this study, two auditory contextual cues probabilistically predicted distinct visual motion
sequences, and fMRI decoding was used to examine the frequency of hippocampal replay. We

to a state where one of two different external stimuli S2 or S3 is presented with different
probability (p=0.8, 0.2 respectively). When S2 is presented, agents can get a reward at S4, whereas
when S3 is presented, they can get a reward at S5. After 30 trials, the environment changes to II
and the initial stimulus is switched to S1, not S0. In this environment, agents are rewarded at S5
and $4 when the external stimulus is S2 and S3, respectively (i.e., Reversal).

In such a stochastic environment, the agents need to switch transition rules according to the
external stimuli regardless of the prediction about the external stimuli beforehand. SPE-driven
when the prediction error about the external stimuli occurs. For instance, in environment I, two
rewarded contextual transitions exist: a more likely one (X0 - X2a - X4a) and a less likely one
(X0 - X3a - X5pB) (Figure 4B2). When an agent predict the major stimuli (S2) at the initial state

the corresponding hippocampal sequence. As a result, the agents choose the correct transition
regardless of prior prediction (Figure 4B().

In our model, most agents can learn to make appropriate transitions depending on the external
stimuli. Importantly, they show a one-shot switch between the environment I and II when the
agents experience the environment for the second time (Figure 4C%). This is because contextual
states for S2 and S3 are generated differently for the environment I and II, i.e. X2a, X3a for
environment I and X2, X3p for environment II, through SPE-driven remapping. The length of the
planning sequence used in the actual transition converges to between 2 and 3 because agents
reselect the hippocampal sequence and the contextual state when the external stimuli differ from
predictions and SPE-driven remapping is triggered (Figure 4D (%). The probability of predicted
external stimuli (52 or S3) based on the generated sequences matches with the actual probability
(p = 0.8, 0.2, respectively) (Figure 4E (@), because of the reward-dependent synaptic plasticity in
hippocampus (see Materials and methods (@ ). This result replicates Ekman et al. (2022) @, who
showed that the probability of the contextual cues is reflected in the statistically significant

differences in hippocampal replay probability in humans (Figure 4F2).

representations and realignment in hippocampus under ambiguous external stimuli predict
contextdependent behavior. In training phase, agents are put into either Square (Sq) or Circle (Ci)
virtual reality arena, and then one of two target objects (S2 or S3) is randomly specified by word
with equal probability. Depending on the arena type, the agents decide to transit to S4 or S5 to get
reward. In test phase, subjects are put into either Sq, Ci, or their morphed version, Squircle (SC)
arena, i.e. mean value of Sq and Ci. Under SC arena, the agents transit depending on the subjective
context of either Sq or Ci. Note that reward feedback is not given in the test phase (Figure 4G @).

Our model successfully learns this task, and the agents show context-dependent behaviors under
Sq or Ci arena in the test phase (Figure 4H (2). Additionally, our model replicates the experimental

context reconstruction, Ci context reconstruction, and a default context usage of SC due to X’s
failure to convergence (see Materials and methods &@). In the last case, the agents make a random
transition by recruiting new hippocampal neurons. Therefore, behavioral decoding based on
hippocampal neural activity is lower than that under the Sq and Ci conditions (Figure 4] @), This
result is consistent with the findings of Julian and Doeller (2021) .
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Figure 4. Our model replicates key features of human neural activity in dynamic environments.

A, Simplified probabilistic cueing task diagram. In environment I, agents start at SO and move to S2 or S3 randomly (S2 for p =
0.8 and S3 for p = 0.2) and receive a reward in S4 when they come from S2 and in S5 otherwise. In environment II, agents start
at S1 and move to S2 or S3 randomly (S2 for p = 0.2 and S3 for p = 0.8) and receive a reward in S5 when they come from S2
and in S4 otherwise. The environment switches between the two every 30 trials. B, A successful context map of this task. S2
and S3 are split into two contextual states, and S4 and S5 are split into four contextual states. The hippocampal connections
are built for rewarded conditions only. C, The probability of choosing S4. The red/blue line shows its mean when S2/S3 is
presented. The error bar indicates the standard error of the mean (N = 40). D, The planning length gradually increases over
learning and converges to 3. The black lines indicate each agent’s planning length, and the red line is their average. E, The
probability of generating a specific planning sequence at SO or S1. The expected states (S2 or S3) are modulated according to
the environment. F, Our model behavior is similar to the human fMRI result of the cue-probability-dependent hippocampal
replay (Ekman et al., 2022 %), Paired sample t-test. **P<0.01. G, Simplified task diagram (Julian and Doeller, 2021 (). The
training phase is the same as A, but the contextual stimuli of Square (Sq) or Circle (Ci) are initially presented and the
probability of S2 and S3 is equal. In the test phase, either one of Sq, Ci or the mixture stimuli of Sq and Ci (Squircle: SC) are
presented, and the agent transfers following their faith. Reward feedback is not given in the test phase. H, The transition
probability under Sq context (Left) and Ci context (Right). I, The transition probability under SC context of the human patients
in Julian and Doeller, 2021 @ (Left) and our model (Right). J, Comparison of behavioral decoding accuracy from hippocampal
fMRI activity of Julian and Doeller, 2021 @ (Left) and hippocampal neural activity of our model (Right). The x-axis represents
each time step (corresponding to environmental states), and the y-axis shows the decoding accuracy of each context based
on hippocampal activity. Our model replicates the worse decoding accuracy in SC context (Bottom) than Sq or Ci context
(Top).
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Prediction related to sensory processing and flexible behavior

Our model does not only replicate a variety of experimental results but also make predictions. In
clinical research, it has been reported that issues related to behavioral flexibility and sensory
Freedman, 2015 ) and autism spectrum disorder (ASD) (Watts et al., 2016 (). Many studies have
reported that both symptoms are linked to the dysfunction of the prefrontal cortex (PFC) (Kaplan

et al., 2016 2; Watanabe et al., 2012 2); however, the reasons for their cooccurrence are not yet
fully understood.

We assume that this dysfunction corresponds to hypo-/hyper-representation of stimulus
information in X. To investigate this hypothesis, we altered the ratio of neurons in the context
domain and sensory domain in X in our model. We used the same task described in Figure 4A%

relatively underrepresented, the reconstruction of contextual state in the Amari-Hopfield network
tends to infer contextual states based on the context domain rather than the stimulus domain.
Consequently, it converges to an incorrect attractor that is not assigned to the current
environmental state, thereby increasing perceptual error for external stimuli (hallucination-like
effects). Moreover, SPE-driven remapping and the corresponding synaptic plasticity occur more
frequently. In contrast, when the stimulus domain is overrepresented, the Amari-Hopfield
network rarely assigns multiple contextual states to a given environmental state, leading to an
overuse of default contextual states (see Figure 5B(* and Materials and methods ().

Consistent with this prediction, when the stimulus domain is relatively underrepresented, agents
fail to rapidly switch to the second experience of the environment I and II (Figure 5C ). This
failure is accompanied by an increased probability of context selections that differ from the true
environmental state (hallucination-like effects). Moreover, the hallucination-like effects increase
SPE-driven remapping, which occasionally leads to overlaps in context allocation in H (see
Materials and methods @), thereby accelerating the frequency of hallucination-like effects and
leading to a decline in task performance. In contrast, when the stimulus domain is relatively
overrepresented, persistent behavior is observed, and the correct rate in environment II becomes

lower than environment I (Figure 5C ). This is accompanied by an increased probability of

processing and behavioral flexibility in some psychosis.

Discussion

In this study, we proposed a simple, model-based reinforcement learning model equipped with
two functional modules: Context selector and Sequence composer. We introduced two kinds of
prediction error-based remapping, SPE-driven remapping and RPE-facilitated remapping as a key
for generating context-dependent sequential activity change in hippocampus that enables flexible

variety of contextdependent sequential representations in hippocampus such as splitter cells
(Wood et al., 2000 @), lap cells (Sun et al., 2020 (@), probabilistic model selection (Ekman et al.,

tuning. Furthermore, our model predicted a mechanistic explanation for the co-occurrence of
deficits in sensory processing and flexible behavior. This result is supported by the clinical reports
that psychosis can change the attractor dynamics in the hippocampus (Rolls, 2021 ) and

al., 2021 2; Javitt and Freedman, 20152 ; Pfeiffer et al., 20112 ; Reed et al., 2020®). To the best of
our knowledge, this is the first model that uses associative memory for describing the formation
and switching of context-dependent hippocampal activity through remapping and its contribution
to flexible behavior.
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Figure 5. Model prediction about the relationship between sensory processing and flexible behavior
A, Task diagram. The structure is the same as Figure 42, but the probability of S2 and S3 is equal. B, (Top) We tested three

Neuroscience

stimulus neuron ratios: 2.5% for SZ, 16.7% for control and 50% for ASD. (Bottom) Schematics of how Context selector changes
by the manipulation of neuron ratios in this task. Blue dotted lines indicate the energy landscape and blue circles indicate the

attractor dynamics. Red arrows indicate the wrong stimulus prediction (hallucination-like effects) which triggers SPE-driven
remapping (green cross marks and arrows), and orange lines indicate the input from the hippocampus to X (H0 and H1
indicate hippocampal segments in SO and S1, respectively). C, (Left) The probability of choosing S4 at S2 and S3 is plotted in
red and blue, respectively. SZ model fails to show one-shot switch for the second experience of the environmentI andII,
while ASD model shows an impaired task performance mainly to the environment II. (Right) The result of context selection

default context usage due to failures in context reconstruction (see Materials and methods ) is plotted in blue.
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Our model is a functionally modular account of the cortical regions and hippocampus, enabling it
to capture experimental findings across species. While hippocampal activity in rodents has been
extensively characterized in terms of spatial coding, human hippocampal representations are
more often non-spatial and episodic-like (Bellmund et al., 2018 @ ; Eichenbaum, 2017 (2). For
episodic memory to support flexible behavior, it would be beneficial to retrieve each episode in a
context-dependent manner. The episodic contents may vary across species and individuals, yet the
fundamental computations—estimating the current context from external stimuli and their
history and flexibly updating this estimate via prediction errors—are likely conserved. Holding
context information until the contextual prediction error is detected is analogous to the belief
state in model-based reinforcement learning, which is known to improve performance under
partially observable conditions (POMDPs) (Kaelbling et al., 1998 ). Our model provides a simple
algorithmic implementation of this principle.

Although remapping is a widely known phenomenon, its mechanism remains under debate. We
used the Amari-Hopfield network as Context selector to distinguish multiple contextual states that
share the same external stimuli, and to reconstruct them via attractor dynamics from partial
observations. We propose two advantages of this associative memory model. First, it can represent
different contexts under the same external stimuli depending on the feedback from H to
implement rapid behavioral switching without requiring synaptic changes. The second advantage
is its ability to infer a contextual state using the associative memory mechanism. This property
might occasionally yield a non-trivial contextual state based on past experiences. Expanding upon
our model with more sophisticated associative memory search mechanisms could enable creative
behavior.

We speculate that Context selector is implemented across multiple brain regions with varying
degrees of resolution, including a part of the entorhinal cortex and prefrontal cortex. First, lateral
EC (LEC) provides item-specific and sensory context information (Deshmukh and Knierim, 2011 %;
Hargreaves et al., 20057 ), whereas the medial EC (MEC) supplies history information and state
signals (Hafting et al., 2005 2; Heys and Dombeck, 2018 2). Because these inputs jointly shape
hippocampal attractor dynamics, the EC is well positioned to determine which subjective context
is selected. Second, PFC has been reported to retain context-dependent attractors, which reflect
working memory (D'Ardenne et al., 2012 @), attention (Siegel et al., 20157 ), and confidence
(Wynn and Nyhus, 2022 %), and to send inputs to the hippocampus. In addition, the PFC computes
prediction errors that might trigger remapping. Specifically, reward-related prediction errors are
computed in the orbitofrontal cortex (OFC) (Garvert et al., 20232 ; Stalnaker et al., 2014®),

and dorsolateral PFC (Masina et al., 20183 ; Zmigrod et al., 20142 ). These neural circuits likely
coordinate to estimate the current context and select the appropriate representation in the
hippocampus via remapping. Our modeling of Context selector captures this core functionality in

Our model posits that the Sequence composer corresponds to computations within the
hippocampus. As a biologically plausible projection, we consider the CA3-CA1 circuit, where
contextual inputs from regions such as the PFC and EC provide the current contextual state to CA3,
enabling the recurrent CA3-CA1 architecture to generate predictions of the next contextual state
without errors in action. Consistent with this idea, the temporal lag in CA3 - CA1 transmission
suggests a functional gradient in which CA3 represents present-oriented information while CA1
carries more future-oriented predictions (Chen et al., 2024 (%), and neurons in both CA3 and CA1
exhibit action-driven remapping and encode action-planning signals (Green et al., 2022 (%). Our
framework, therefore, predicts that changes in CA3 - CA1 population activity precede behavioral

perturbation of this input will degrade the behavioral performance.
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Beyond the function of individual components described above, our framework also yields several
predictions about how these regions interact to support flexible behavior. We propose three
experiments. First, our model posits that an error about the context triggers remapping. The OFC
is known to be active when reward-related prediction error occurs (Banerjee et al., 2020 %), and
hippocampal remapping is suggested to be induced by the entorhinal cortex, especially its lateral
part (Latuske et al., 2017 @). Because a direct projection exists from the OFC to the lateral
entorhinal cortex (Kondo and Witter, 2014 (), this input might critically influence hippocampal
remapping. Second, our model suggests that the prediction error about the environment would

Third, our model proposes two types of prediction error; one is the conventional prediction error
that updates the synaptic weights within the context, and the other is the prediction error about
the context that triggers remapping in X and H. How these two different prediction errors are
represented in neural circuits will deepen our understanding of the neural basis of flexible
behavior.

Our model also provides an algorithmic-level account of psychiatric symptoms by changing the
relative weighting of sensory-encoding versus context-coding neurons. This implementation is
analogous to Bayesian theories linking priors to psychiatric symptoms. In SZ, hallucinations and
delusions have been modeled as arising from overly strong top-down priors (Powers et al.,

Jardri and Deneve, 2013 ). In our model, we used an underrepresented stimulus domain to
increase the relative influence of internally generated context representation in context selection.
Crucially, this implementation does not simply strengthen priors but induces excessive generation
and competition of contextual states, leading to frequent yet non-reproducible remapping of
hippocampal contextual activity and a failure of learning to converge despite repeated experience.
In ASD, it has been argued that abnormally high sensory precision reduces the updating of
expectations (Karvelis et al., 2018 @) or leads to sensory-dominant perception, which has been
interpreted as weak priors (Angeletos, Chrysaitis and Seriés, 2023 ; Lawson et al., 2014 2;
Pellicano and Burr, 2012 ). In our framework, we used an overrepresented stimulus domain to
increase the relative influence of external stimulus representations in context selection.
Importantly, our model captures not only sensory-dominant processing emphasized in previous
studies, but also a distinctive impairment in flexibly utilizing newly introduced contexts, reflecting
a failure of context reconstruction and resulting in persistent inflexible behavior. Thus, our
conjunctive modeling of sensory and context processing complements Bayesian accounts of
psychiatric symptoms and provides a mechanistic explanation for the role of sensory processing
in maladaptive, inflexible behavior.

Our model also has limitations. First, there are context-dependent tasks that our model cannot
solve. Although our model learns to separate contextual states, it does not combine them;
consequently, we did not consider simulating the environment in which the number of hidden
states decreases over time. Greater flexibility might be achieved by integrating both sensory and
our model should distinguish different contextual states, including the stimulus resolution and
time resolution, is hand-tuned in this work. While we used an abstract, grid-like state space with
discrete time, an important direction for future work is to model its activity at finer-grained
neural timescales, such as theta cycles (Foster and Wilson, 2007 2 ; Wikenheiser and Redish,

2015 ). In realistic, continuously changing environments, such resolutions should be adjusted
autonomously. Introducing continuous and hierarchical representations with multiple levels of
spatial and temporal resolution would facilitate such adjustments, potentially through
mechanisms such as modern Hopfield networks (Krotov and Hopfield, 2020 %) or synfire-chain-
based hippocampal sequence generation (Abeles, 1982 ; Diesmann et al., 1999 ; Shimizu and
Toyoizumi, 20252 ; Toyoizumi, 2012 @), but this is beyond the focus of the current study. Third, our
model assumed that only the hippocampus projects to the midbrain for reward prediction of
sequential plans. However, there are projections from other brain regions, including the cortex, to
the midbrain that are also involved in reward prediction (Jo and Mizumori, 2016 ©). How these
additional projections influence model-based behavior, especially in the case of hippocampal
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lesions, remains beyond the scope of this work. Finally, explicitly modeling the input from grid
cells that encode geometric task structure (Krupic et al., 2015 @) might enable more sophisticated
planning (e.g., discovering the shortest path).

Materials and methods

Simulation environment

We conducted all simulations and post-hoc analysis using a custom-made Python code. The source
code is provided in Supplementary data.

Model description

Overview

Below, we introduce a model that describes the acquisition of model-based reasoning. Our model
consists of two components: Context selector (X) and Sequence composer (hippocampus, H). For
simplicity, the environment is defined in discrete time, and agents move through environmental
states characterized by distinct external stimuli. The model’s computational dynamics are
fundamentally synchronized with the environmental (behavioral) time step, and at each time step,
the agents transition to the next environmental state. Upon a state transition, the agents first
perform contextual state estimation by Context selector and activate a corresponding
hippocampal neuron. Then, this hippocampal neuron initiates sequential activity based on
hippocampal synaptic connectivity. Each hippocampal sequence represents a planned course of
action and is used to predict a series of external stimuli. The agents follow the plan unless SPE-

facilitated remapping section @). The hippocampal sequence from which actions are generated is
updated upon a reward. After the action execution, the agents repeat the process by selecting the
current contextual state. As the agents become familiar with the environment, hippocampal
sequences that enable future predictions to become longer, and contextual state estimation by
Context selector becomes less frequent. The algorithmic flow chart of our model is described in
Figure S13.

Context selector (X)

We model Context selector as Amari-Hopfield network (Amari, 19727 ; Hopfield, 1982 ) of N =
1200 binary neurons, whose activity is described by vector X . We employ the Amari-Hopfield
model because it allows multiple contexts to be stably maintained in response to stimuli and can
be trained via Hebbian plasticity. We assume that similar computations are carried out in
prefrontal and entorhinal cortical circuits in the brain.

X consists of two domains: stimulus domain XS9™ and context domain X°°™. The neuron ratio in
the stimulus domain over the whole neurons dim(XS"™)/N is 16.7% (200 neurons) for the control
condition, 2.5% (30 neurons) for the SZ condition, and 50% (600 neurons) for the ASD condition.

Note that dim describes the dimensions of a vector.

When the agents visit each environmental state for the first time, the X’s activity is set to

Xstim é-stim
X = (Xcont) = (f (Estim)) (eq.l)

where converter function &™) = binary(A&S"™ > q) returns a binary vector computed from dim
(XN by dim (X5U™) default matrix A with independently and identically distributed unit
Gaussian entries and scalar threshold a chosen so that f(fsum) consists of half 1 and half 0
elements. This contextual state is set as a default context, ensuring that the X module assigns a
unique contextual state to each environmental state. Biologically, one possible interpretation is
that this default context corresponds to modality-specific innate representations in prefrontal
regions (Manita et al., 2015@).
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From the second visit of each environmental state after completing actions according to a
hippocampal sequence, the contextual state is determined by associative memory dynamics of the
Amari-Hopfield network. We adopt two ways of initialization: history-based and landmark-based
(see Figure S12). While the history-based initialization was introduced to select contextual state
based on the history input from H, the landmark-based initialization was introduced to terminate
the episodic sequence that would otherwise continue indefinitely. Biologically, the landmark-based
initialization corresponds to the operation of anchoring a contextual state to salient
environmental landmarks—such as an animal’s nest—that serve as clear reference points.
Formally, we use the history-based initialization when the input from H to X predicts the next
contextual state, i.e. WXFH is not all zero, where W*H represents the synaptic weights from H to X.
We use the landmark-based initialization when the input from H to X does not provide any
predictive input, i.e. WXWH is all zero, but they are at a landmark (we defined it as the initial
environmental state of each task). When the inputs from H to X do not predict the next contextual
state and agents are not at landmark (history mismatch), which typically happens after
remapping, a new contextual state is generated and stored in the Amari-Hopfield network (see
SPE-driven remapping @ and RPE-facilitated remapping section ). In biologically, these
distinctions could naturally arise from the interplay of the strength of history-dependent inputs,
sensory saliency, and the depth of contextual attractors, which would be dynamically integrated in
prefrontal and entorhinal cortical circuits.

The history-based initialization starts from the initial state of the Amari-Hopfield network
Xinit = binary (WX H > 0) (eq.2)

where binary represents the indicator function that takes 1 if the argument is true and 0
otherwise.

The landmark-based initialization starts from the initial state of the Amari-Hopfield network

stim
Xinit = ( f ) (qu)

random

where random indicates a random binary vector consisting of half 0 and half 1 elements.

After history-based or landmark-based initialization, X iteratively updates its contextual state at
the beginning of each time step according to the associative memory dynamics:

X « binary (W** (X — X°) —0) (eq.4)

where 6=0.5,X% 0.5, and dim(X) by dim(X) matrix W*X represents synaptic weights of Context
selector (see Synaptic weight update section for how W*X changes). These dynamics end up
either as a successful or failed recall. A recall is defined as successful if X converges within 50
iterations, and its stimulus domain X*™ becomes identical to &U™, If X fails to converge within 50
iterations, the contextual state is set to the default contextual state defined in (eq. 1@). This
default implementation is analogous to psychological inertia, particularly under uncertainty (Ip
and Nei, 20257 ; Sautua, 2017 %), which has been reported to be more pronounced in ASD
patients (Joyce et al., 2017 (3). If X converges within 50 iterations but the stimulus domain Xstm of
the converged X is different from &U™ (hallucination-like effects), agents consider that they are in
a new context, and SPE-driven remapping occurs (see Figure 1S %). Reuse of the default contextual
state and the hallucination-like effects become critical for explaining ASD and SZ phenotypes,
respectively. As one possible biological implementation, we consider that Context selection in X as
the brain-wide evoked potential during which bottom-up information may be integrated with top-
down signals to select the current context (Mohanty et al., 2025 (@). In this case, it takes several

hundred milliseconds for the contextual states in X to settle (Massimini et al., 2005%).
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composer section @@). Then, the agents evaluate this sequence that encodes a course of actions and
act according to it (see action flow section ().

Sequence composer (hippocampus, H)

We model Sequence composer (hippocampus) with N = 300 binary recurrent neural network. The
hippocampus produces sequential activity probabilistically based on the contextual state
computed above. Starting from the seed hippocampal neuron directly activated by the contextual
state, the next hippocampal neuron is iteratively activated with a probability proportional to the
synaptic weights from the previously activated hippocampal neuron. Therefore, the same
contextual state could generate diverse sequences. This randomness in the sequence generation
facilitates the exploration behavior of the agents, which is important for reinforcement learning,
but also adds noise to the input from Sequence composer to Context selector in the history-based
computation.

Hippocampal neurons initially receive input vector WHXXk, where WX is the synaptic weight
matrix from X to H, and X, is the contextual state at time step k. Only the neuron that receives the
strongest input is activated, whose index is described as

I’:f,gs) = arg max (WHXXk) (eq.5)

(see Synaptic weight update section @ for how WHX

neuron index.

changes), where the tilde mark indicates a

Our model has two types of hippocampal neurons: state-coding and transition-coding types. The
indices of neurons belonging to these types are denoted as H ) and H 7, respectively. The
statecoding neurons receive input from X and represent the current contextual state, while the
transition-coding neurons send output to X and predict the next contextual state after an action i.e.
T(Xy+1 | X Ak k+1)- One possible biological grounding for this functional separation is that
entorhinal cortex provide contextual inputs to CA3, and CA3 and CA1 generates predictions of next
state through its recurrent architecture (Chen et al., 2024 ). Also, neurons in CA3 and CA1 are

reported to show action-driven remapping to be involved in action planning (Green et al., 2022 @).
)

When the agents experience a contextual state X for the first time, H ,ET

the synaptic weight from H ]ES) to H ,iT) is set to 1. From the second experience of the contextual

state X, the corresponding hippocampal neuron H ,£S> initiates a sequence #

—~

Tr (S T
= HY HD, ..

next neuron is recursively chosen with a probability vector proportional to

is randomly chosen and

—~

TS FD

SH L Hy +¢] of hippocampal activity with a non-negative integer 7, where the

[WHH] g, — Wo

binary ([WHH] g~ Wo > 0.01) (eq.6)

1—w0 H,

where [W ]'m describes a vector of intra-hippocampal synaptic weights from neuron Hj, and
wy = 0.3 is the effective threshold. The sequential activity can stop at a transition-coding neuron

70

.- according to two conditions: when all the synaptic weights [WHH| A are equal to or below

0.01 or when the reward value function of the lastly activated transition-coding neuron H ,E?T
= H_, becomes positive (see Reward prediction section (3).

The synaptic connection from a state-coding neuron to a transition-coding neuron is formed in a
reward-independent manner as described above, whereas the connection from a transition-coding
neuron to a state-coding neuron is established in a reward-dependent manner (see Synaptic
Weight Update section ). Consequently, when animals receive few rewards during the initial
exploration phase, minimal sequences with 7 = 0 are constructed. As animals discover rewarding
behaviors, these minimal sequences join, and eventually, agents anticipate the rewarding
transition ahead.
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When the number of contextual states increases particularly in the SZ condition, representational
overlap arises between hippocampal state-coding and transition-coding neurons. This overlap
makes the prediction of the next contextual state by the transition-coding neurons unreliable. The
degraded prediction from H, in turn, corrupts the initial condition for context selection in X (Eq.
3®), leading to hallucination-like behavior.

Reward prediction

Each hippocampal sequence .7’is associated with rewards, perhaps via the operation of the
midbrain. Reward value function V3 , which depends on the lastly activated transition-coding
—-1

hippocampal neuron H_, of the sequence, is updated every time the agents receive reward R > 0
according to

Vﬁl<—Vﬁl+a(R—Vﬁl) (eq.7)

with learning rate a = 0.15. The sequence value SV associated with H_, mirrors Vz except
-1 -1

when it is suppressed by this neuron’s no-good indicator NG 7 (cross marks in Figure 1C(%),
1

namely,

SV = Vg — (Vﬁl + NGﬁ,l) -binaury(NGﬁL1 > HNG> (eq.8)

where suppression threshold 0 is set to 0.7. No-good indicator is introduced to transiently
suppress previously established sequences that have not been recently rewarded, without
devaluing them. This no-good indicator facilitates RPE-facilitated remapping (see RPE-facilitated
remapping section @) that leads to exploration of different contextual states in X and sequences in
H. The no-good indicator is inspired by recent findings in the ventral hippocampus, where
dopamine D2-expressing neurons of the ventral subiculum selectively promote exploration under

anxiogenic contexts (Godino et al., 20252). When the no-good indicator is active, i.e. NG
1

> On¢ , the sequence value becomes transiently negative. Note that we set 6y as 0.7 to make the
agents sufficiently sensitive to abrupt environmental changes and enable exploring some
candidate contexts after RPE-facilitated remapping.

These neurons’ no-good indicators change when a reward is presented. The no-good indicator of
the lastly activated hippocampal neuron H, instantaneously drops to 0 when the reward is
greater than the reward value function, i.e., R > Vﬁ,l but instantaneously increases by 1

otherwise. In addition, the no-good indicators of all hippocampal neurons gradually decay
according to

NG + yNG (eq.9)

with multiplication factor y = 0.7 when the reward is less than the reward value function, i.e., R <

Vi .

Action flow

After completing each environmental state transition according to a planning sequence without
remapping (see SPE-driven remapping @ and RPE-facilitated remapping section ), the agents

estimate a contextual state (context selection, Figure S12) and, based on it, generate a

select one hippocampal sequence. The last hippocampal neuron H _; of the sequence #’informs
its sequence value SVﬁ (see Reward prediction section ). When SVﬁ is positive, the agents
1 —1

select this sequence. Otherwise, the agents reject this hippocampal sequence and compose another
hippocampal sequence (using a different random seed for the landmark-based initialization) for
up to nine attempts (sequence selection loop, Figure S1 ). If none of the nine sequences have
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positive SVz , one is selected randomly, excluding that with the lowest sequence value. We use
1

this sequence selection to provide a balance between exploration and exploitation of sequence
selection and serve as a good compromise for visualization. Once a sequence is selected, agents
start to execute sequence-based action loop (see Figure S1%) unless RPE-facilitated remapping

(see RPE-facilitated remapping section ). The transition-coding hippocampal neurons

['Ff IET), . H 15?7 in the sequence specify the transition of environmental states (action), i.e. the

stimulus domain of the input from H to X (binary(WXHH( > 0)) represents the prediction of the
next environmental states, where WXH is the synaptic weights from H to X and H® is the
hippocampal state when each transition-coding neuron is active. The sequence with 7
transitioncoding neurons provides an action plan in the next 7 steps, unless SPE-driven remapping
happens (see SPE-driven remapping section @). This is inspired by preplay or planning by
hippocampal sequences (Dragoi and Tonegawa, 2011 ). After completing the final action
specified by the sequence, the agents repeat the whole procedure, starting from the contextual
state estimation.

SPE-driven remapping

SPE-driven remapping can occur while the agents execute a course of actions following a
hippocampal sequence. We refer to SPE-driven remapping as the shift of X’s activity to another
contextual state or generate a new one under the same external stimuli. Upon the course of

actions following hippocampal sequence # = [ﬁ ,is), H, ,£T>, o H, ,ii)T, H, ,E?T , the prediction of the

next external stimulj, i.e. the stimulus domain of binary(WXHH( D> (), may differ from the actual
one, &M, When this happens at a sequence location k + 7' (1 < 7' < 7), SPE-driven remapping

1 < 7' < 7, steps 1-3 are applied. In contrast, if the event occurs at 7'= 7, only step 3 is applied.

1. The hippocampal sequence is interrupted between the transition ﬁglq — ff,iil , and the
corresponding synaptic weight is weakened (see Synaptic weight update section(4).
77 (1) 77 (5)

2. If the transition-coding neuron Hziﬂ ktr’

these state-coding neurons’ predictions about external stimuli are examined. If there exists
one that predicts the actual external stimuli with an error less than the remapping threshold
of Bremap = 5 bit, this neuron is activated, and the contextual state X is set based on its input
(eq. 23, Context selector section). Otherwise, step 3 is applied. Note that we set the
remapping threshold 6, = 5 bit to allow for small miss-convergence during recall in the
Amari-Hopfield model.

3. A new contextual state is set as X = (£, random)T with the synaptic weights W updated
(see Synaptic weight update section 2).A hippocampal neuron is activated based on the

new contextual state in X following eq. 52, and the synaptic weight is strengthened

,_, Projects to state-coding neurons other than H

between the interrupted transition-coding hippocampal neuron l?f,iﬂ and the newly
activated state-coding hippocampal neuron (see Synaptic weight update section 3).

When a new hippocampal neuron is recruited in step 3, the history mismatch occurs in the
following environmental state because this hippocampal neuron does not predict upcoming
external stimulus. Therefore, once SPE-driven remapping is triggered, the contextual states in X as
well as the activated neurons in H are repeatedly updated in the following environmental states
until the agents encounter a landmark (i.e. starting point) and reset the episode.

RPE-facilitated remapping

To gain information on the environment, the agents perform exploration followed by RPE-
facilitated remapping. We refer to exploration as a random action not specified by the selected
sequence. Exploration can occur with probability p,,,; whenever the agents enter an
environmental state with the number of transition candidates greater than the number of
transition-coding hippocampal neurons initiating from the corresponding state-coding
hippocampal neuron. The exploration probability is generally p,,,,; = 0.3 but increases to certainty
(Dexpr = 1) if the agents are taking actions following a sequence with a negative sequence value,
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which happens when its no-good indicator is active, i.e. NGz 2> n¢ . In case of this exploration,
1

one of the unconnected transition-coding hippocampal neurons is randomly activated (RPE-
facilitated remapping), and the agents take a random transition. At the following environmental
state, X is set to be a random contextual state X = (g‘“im, random)T, and synaptic weights of H and X
are updated (see Synaptic weight update section@).

Same as SPE-driven remapping, once RPE-facilitated remapping is triggered, the history mismatch
occurs and the contextual states in X as well as the activated neurons in H are repeatedly updated
in the following environmental states until the agents encounter a landmark (i.e. starting point)
and reset the episode.

Synaptic weight update

We used a Hebbian learning rule to update the synaptic weight matrix W*X only for the first time
contextual state X is settled:

WXX WYX g (X — X0) (X —x°)" (eq.10)
We also used a basic Hebbian learning rule for updating synaptic weights between X and H. Again,

only for the first time a hippocampal neuron is activated according to (eq. 5%) in response to
contextual state X}, synaptic weights are updated as

WHX  WHX i) (X, — x1)" (eq.11)

WX WX (X — X1 (H(S))T (eq.12)
T

WX e WX gy (X, - x) (B (eq.13)

where H® and H® are the state-coding and transition-coding hippocampal activity vectors,
respectively, whose elements take 1 for the activated neuron of the corresponding type and 0 for
the others. Note that the initial synaptic weights of WX and WX are all 0. Similarly, # is the
transition-coding hippocampal activity vector of the previous hippocampal sequence, where the
element corresponding to the last transition-coding neuron takes 1, and others take 0. Learning
rate n = (N + 1)/2 and offset X! = N/(N + 1) are chosen to achieve good association dynamics in

Context selector. These synaptic weights change within the bound WXH, WX < 1/2,

We used different learning rules for the intra-hippocampal synaptic weights depending on within-
episodic and between-episodic segments. The initial synaptic weights are all w,, and these weights
change within the bound 0 < WH < 1. Within-episodic connections, i.e. state-coding to
transitioncoding synapses, are constantly updated in a reward-independent manner when H, ,is)

and H. IET) are activated as

T
Wi wHH g (H,ﬁ*”) —wy
(eq.14)
(T) N\ s HH
—05aH"(1-H b WHH] o <
0.5a k ( k ) mary ([ ]H’ET>HI£S) S w0>

The second term describes Hebbian potentiation, and the third term describes hetero-synaptic
depression between non-active presynaptic neurons and the active postsynaptic neuron. Note that
we assume hetero-synaptic depression only upon the initial establishment of the synaptic
connection between the two hippocampal neurons. This modeling is inspired by behavioral time
scale plasticity in the hippocampus (Bittner et al., 2017), in which synaptic potentiation occurs
for events that are close in time regardless of reward, and such plasticity is believed to support the
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formation of place cells etc.. Between-episodic connections, i.e. transition-coding to state-coding
synapses, are constantly updated in a reward-dependent manner when the agents receive a
reward (R > 0) and H, IET) and H®) are involved in .7 according to

k+1
T
WHH W 4 o (R — (W] fo o — wo ) H G (HT)
" k1 E (eq.15)
_ (S)(i (T)) . ( HH) )
0.5aH |1 — H binary [W ]H,iﬂH,f.T) < wo
The second term describes Hebbian potentiation that modifies the weight [IW ] 7 g toward R

S)
k+1H1c

— Wy, and the third term describes hetero-synaptic depression. This is supported by the finding
that dopaminergic neuromodulation gates LTP, enabling preferential consolidation of reward-

associated experiences (Lisman and Grace, 2005 (2; Takeuchi et al., 2016 (©).

In addition, if SPE-driven remapping happens at the sequence location between H ,iT) and H, ,E‘?l,

the synaptic weight from H." to H, ,ii)l is weakened by —a[W ] = —u), while that from H" to
k+144E

the activated state-coding hippocampal neurons H, ,ii)l, is strengthened by a (0.65 —

[WHH}ﬁkw) Em)binary <[WHH] 7o 7 < 0.65).
17k o Hy

Considering the memory capacity of the Amari-Hopfield Network with correlated patterns, the
number of memorizable contextual states sharing the same external stimulus is below 8. If this
condition is violated, to prevent overloading the Amari-Hopfield network, the contextual state X
that has never produced hippocampal sequences with a sequence value more than 0.7 induces a
forgetting process as

WX WX (x - x%) (x—x°)" (eq.16)

This process represents forgetting of reward-unrelated episodic memory.

Formal descriptions of each task setting

All tasks used in this study were formulated as partially observable Markov decision processes
(POMDPs), defined as

M= (S,A,T,R,C)

Below, we describe the model components for each task.

e State space S=1{5, S, S3 S4 S5/, where S is the starting point, and S, and S are the reward
delivery points.
* Action space A ={0;, 0,4 055 G35, 043 057}, Where each action determines a state
transition.
¢ Transition function T(Sj [S; aij) = 1, specifying the probability of reaching state S; given
current state S; and action a;;. In this task, transitions are deterministic given the correct
context, but ambiguous without context.
(1if (s=84,¢:=1)
o Reward function R; (s,c;) = < 1 if (s = S5,c¢; = 2), where tindicates the trial index, and ¢;
L 0 otherwise
indicates the hidden state at trial t.
. lifeg1=2and R, 1 =1
¢ Hidden statec; = .
{2 ifcei=1land R;_; =1
on the previous reward under initial condition of ¢; = 1.

, Where hidden variable switches depending
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State space S=1{S;, S, S3 Sz}, where Sy is the starting point, and S, is the reward delivery

point.

Action space A ={a;,, 0,3 0,4 035}, Where each action determines a state transition.

Transition function 7(5;|S; a,-j) = 1, specifying the probability of reaching state S; given

current state S; and action a;;. In this task, transitions are deterministic given the correct

context, but ambiguous without context.

[1 if (s =54, N;(S3) 1)
1if (s =84, Nt (S3) = 2)
1if (S = S4,Nt (53) > 2,Ct = 3)

L 0 othrewise

index, N¢S3) indicates the number of visiting S3 at trial t, and ¢; indicates the hidden state at

trial t.

07ct
17Ct

Reward function R; (s, ¢;) = where t indicates the trial

1if t <20

Hidden state c; = ¢ 2 if 20 < ¢ < 40, where hidden variable switches depending on the trial
3if t > 40

index.

Note that in Figure 3G-H we used the following Reward function and Hidden state.
1 lf (S = S4,Nt (S3) = 17Ct = 2)

Reward function R; (s,¢;) = < 1 if (s = Sy, N;(S3) > 2,¢; = 3), where t indicates the trial
0 otherwise

index, N¢S3) indicates the number of visiting S3 at trial t, and ¢, indicates the hidden state at

trial t.

i <
Hidden state ¢, = {2 if mod (t, 60) < 30

) , where hidden variable switches depending on the
3 otherwise

trial index.

Simplified probabilistic cueing task (Figure 42 and 5%)

Simplified probabilistic cueing task (Figure 42 and 5C%) can be described as follows.

State space S ={S;S, Sy, S3 S4 S5} where Sy (if ¢; = 1)or Sy (if ¢; = 2) are the starting points
and 54 and S; are the reward delivery points.
Action space A = {0g»3) 01(23) 024 025 O34 035} Where each action determines a state
transition.

(1—pif (4,5) €{(0,3),(1,2)}
Transition function T (S5;|5;, aij) = 4 p if (4,7) € {(0,2),(1,3)} ., specifyingthe

L 1 otherwise

................................. T (5= Sua = asy, e = 1)
[1 if (s=S5,a=ass,¢;=1)

Reward function R; (s,a,ct) = { 1if (s = S1,a = as,ct =2), where tindicates the trial
| 1if (s=8;5,a=ag,¢ =2)
L 0 otherwise

index, and ¢; indicates the hidden state at trial t.

i <
Hidden state ¢, = {1 if mod (t,40) < 20

) , where hidden variable switches depending on the
2 otherwise

trial index.

Model-free learning with temporal contexts

To highlight the advantage of our model, we compared it to the Q-learning with temporal contexts

s,(cm = (Sk, Sk_1, -, Sk_n)’, where s,i") is the temporal context state, and Sy is the environmental
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state at time k). We changed n from 0 to 3. In the Q-learning, the action value for a temporal state
Sy to the next sy.; is updated as

Q (Sk, Skt1) — (1 — @) Q (8k, Sp41) + (R (s1:41) + Vmng (Skt1, S)) (eq.17)

where the initial Q value is 0, learning rate a = 0.4, the discount factor y = 0.6 and the
taskdependent reward function R = 100 for the rewarded transition and R = 1 for else. Next state
selection policy 7 is set to be proportional to Q value as

T (S Sk41) X Q (Sk Sk11) (eq.18)

Inhibition experiment

To replicate the inhibition experiment of medial entorhinal cortex axons at CA1, we inhibit 98.5%
of the input from the context domain of X to H. After the 2-laps task in Figure 3%, we observed the
hippocampal activity responding to each contextual state with or without this inhibition. ESR
correlation is calculated based on the hippocampal activity of each lap, while the spatial
correlation is calculated based on that of space. To avoid nan value when calculating correlations,
we assumed that the activity of hippocampal cells without firing would have a random
spontaneous activity between 0 and 0.1. Note that this operation does not significantly affect the

result.
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Figure S1.The algorithmic flow chart of the model. Square boxes show the manipulation explained in Materials
and methods, while the gray circles show if bifurcation with yes for ochre arrows and no for blue arrows. Synaptic
weight updates are indicated in the pink boxes. Context selection in X is indicated in the blue dotted box, and
sequence composition in H is indicated in the orange dotted box. The black dotted box indicates the sequence
selection through the interaction between X and H, and the yellow dotted box indicates the action loop after the
sequence selection.
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Figure S2. 2-laps task with model-free learning with temporal contextual states.

The contextual states are defined by the composition of the current state and n back sensory histories. It requires at least 3

back histories to complete this task, but the correct rate of 3 back histories is worse than our model.
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Figure S3. Reward-dependent plasticity when sensory and contextual encoding neurons coexist in
hippocampus.

A, Schematic figure of how sensory and contextual encoding neurons can coexist in the hippocampus. Hippocampal neurons
that receive synaptic input mainly from the stimulus-encoding region have sensory encoding, while those from the context-
encoding region have contextual encoding. B, How the hippocampal network evolves when sensory and contextual encoding
neurons coexist in the 1-lap task. This task requires contextual encoding, otherwise agents cannot distinguish between the
first and second visit of S2. After 100 trials of random exploration in this area, the network between sensory encoding
hippocampal neurons (indicated by the orange square) does not increase synaptic weights, while that between relevant
context-encoding hippocampal neurons increases synaptic weights. C, How the hippocampal network evolves when sensory
and contextual encoding neurons coexist in the ignore task. In this task, contextual encoding is not necessary because agents
receive a reward at S4 independent of past states or latent variables. In contrast to the 1-lap task, the network between
sensory encoding hippocampal neurons (indicated by the orange square) increases the synaptic weights as well as that
between context encoding hippocampal neurons.
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Data availability

All data needed to evaluate the conclusions in the paper are present in the paper and/or the
Supplementary Materials. All source code is provided in
https.//github.com/toppo365/flexiblemodel.git 2.
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Reviewer #2 (Public review):

[Editors' note: This version has been assessed by the Reviewing Editor without further input
from the original reviewers. The authors have addressed the comments raised in the
previous round of review.]

Summary:

Ito and Toyoizumi present a computational model of context-dependent action selection.
They propose a "hippocampus" network that learns sequences based on which the agent
chooses actions. The hippocampus network receives both stimulus and context information
from an attractor network that learns new contexts based on experience. The model is
consistent with a variety of experiments both from the rodent and the human literature such
as splitter cells, lap cells, the dependence of sequence expression on behavioral statistics.
Moreover, the authors suggest that psychiatric disorders can be interpreted in terms of
over/under representation of context information.

My general assessment of the work is unchanged, and I still have some questions requesting
methodological clarification

Strengths:

This ambitious work links diverse physiological and behavioral findings into a self-organizing
neural network framework. All functional aspects of the network arise from plastic synaptic
connections: Sequences, contexts, action selection. The model also nicely links ideas from
reinforcement learning to a neuronally interpretable mechanisms, e.g. learning a value
function from hippocampal activity.

https://doi.org/10.7554/eLife.106506.3.sa2

Reviewer #3 (Public review):

Summary:
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This paper develops a model to account for flexible and context-dependent behaviors, such as
where the same input must generate different responses or representations depending on
context. The approach is anchored in the hippocampal place cell literature. The model
consists of a module X, which represents context, and a module H (hippocampus), which
generates "sequences". X is a binary attractor RNN, and H appears to be a discrete binary
network, which is called recurrent but seems to operate primarily in a feedforward mode. H
has two types of units (those that are directly activated by context, and transition/sequence
units). An input from X drives a winner-take-all activation of a single unit H_context unit,
which can trigger a sequence in the H_transition units. When a new/unpredicted context
arises, a new stable context in X is generated, which in turn can trigger a new sequence in H.
The authors use this model to account for some experimental findings, and on a more
speculative note, propose to capture key aspects of contextual processing associated with
schizophrenia and autism.

Strengths:

Context-dependency is an important problem. And for this reason, there are many papers
that address context-dependency - some of this work is cited. To the best of my knowledge,
the approach of using an attractor network to represent and detect changes in context is
novel and potentially valuable.

https://doi.org/10.7554/eLife.106506.3.sa1

Author response:

The following is the authors’ response to the previous reviews
Public Reviews:

Reviewer #2 (Public review):

Summary:

Ito and Toyoizumi present a computational model of context-dependent action selection.
They propose a "hippocampus" network that learns sequences based on which the agent
chooses actions. The hippocampus network receives both stimulus and context
information from an attractor network that learns new contexts based on experience.
The model is consistent with a variety of experiments both from the rodent and the
human literature such as splitter cells, lap cells, the dependence of sequence expression
on behavioral statistics. Moreover, the authors suggest that psychiatric disorders can be
interpreted in terms of over/under representation of context information.

My general assessment of the work is unchanged, and I still have some questions
requesting methodological clarification

Strengths:

This ambitious work links diverse physiological and behavioral findings into a self-
organizing neural network framework. All functional aspects of the network arise from
plastic synaptic connections: Sequences, contexts, action selection. The model also nicely
links ideas from reinforcement learning to a neuronally interpretable mechanisms, e.g.
learning a value function from hippocampal activity.

Weaknesses:

The presentation, particularly of the methodological aspects, needs to be heavily
improved. Judgment of generality and plausibility of the results is severely hampered but
is essential, particularly for the conclusions related to psychiatric disorders. In its present
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form, it is impossible to judge whether the claims and conclusions made are justified.
Also, the lack of clarity strongly reduces the impact of the work on the field.

Thank you for pointing this out.

In the revised text, we clarified the definition of “time step” and how hippocampal neurons
behaved in each time step (see individual comments below). Also, we clarified the
implementation of disorder conditions in our model by indicating the exact neuron numbers
of the stimulus domain in H module as below. (Other parameters were common in all
conditions.)

“X consists of two domains: stimulus domain X and context domain X. The neuron ratio in
the stimulus domain over the whole neurons dim X/N is 16.7% (200 neurons) for the control
condition, 2.5% (30 neurons) for the SZ condition, and 50% (600 neurons) for the ASD
condition.”

Comments:

The authors have made strong efforts to improve on their description of the methods,
however, it is still very hard to understand. As a result of some of their clarifications, new
issues appeared that I was not able to extract in the previous version.

(1) Particularly I had problems figuring out how the individual dynamical systems are
interrelated (sequences, attractor, action, learning). As I understand it now (and I still
might be wrong) there is one discrete time dynamics, where in each time step one action
takes place as well as the attractor and sequence dynamics are moved one step forward.
Also, synaptic updates happen in every one of those time steps. The authors may verify or
correct my interpretations and further improve on their description in the manuscript. It
is also confusing that time in the figure panels is given in units of trials, where each trial
may consist of (maybe different amounts of) multiple time steps. Are the thin horizontal
red ad blue lines time steps?

Thank you for raising the confusing point.

The reviewer’s understanding is correct. In our model, at each time step the agents transition
to the next environmental state (which also corresponds to the contextual state). During this
step, each processing stage proceeds in order: Context selector performs attractor selection,
Sequence composer performs sequence selection, followed by action selection and synaptic
updates. As learning progresses and hippocampal sequences begin to predict longer futures,
reducing the need for step-by-step planning. However, at least at the beginning of each task,
all processes are conducted at each time step (see Fig. 1G).

In all tasks, trials are reset when the agents visit the reward sites (i.e., S4 or S5). n Fig. 2C, for
example, one trial consists of three time steps (i.e., three state transitions), and the red and
blue shaded regions indicate individual trials. During each time step, two types of
hippocampal neurons are activated: a state-coding neuron and a transition-coding neuron.
(In contrast, in X, one contextual state is active during one time step). Therefore, in Fig. 2E,
two neuronal activities correspond to a single time step.

For clarification, we have revised Fig. 2 and related descriptions in the manuscript as follows.

“Here, we simplified this task by using an environment with five discrete states (S1-S5), i.e.,
five discrete external stimuli (Figure 2A), where agents transition to the next state at each
time step.”

Ito and Toyoizumi, 2025 eLife 14:RP106506. https://doi.org/10.7554/eLife.106506.3 34 of 36


https://doi.org/10.7554/eLife.106506.3
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

= eLife

Neuroscience

“Figure 2C illustrates an example of both the environmental state transition and the
corresponding contextual state transition of an agent, with each trial resetting upon visiting
the reward sites (S4 or S5).”

“At each time step, one state-coding neuron and one transition-coding neuron are active in
this order.”

“At each time step, the agents transition between environmental states.”

“The model’s computational dynamics are fundamentally synchronized with the
environmental (behavioral) time step, and at each time step, the agents transition to the next
environmental state. Upon a state transition, the agents first perform contextual state
estimation by Context selector and activate a corresponding hippocampal neuron.”

(2) As a consequence of my new understanding of the model dynamics, I have become
doubts about the interpretation of the attractor network as context encoding. Since the X
population mainly serves to disambiguate sequence continuation, right before the action
has to be taken (active for only two time steps in Figure 1C?) they could also be
considered to encode task space (EI-Gaby et al. 2024, doi: 10.1038/541586-024-08145-x).

We thank the reviewer for this insightful comment.

First of all, we would like to clarify that Figure 1C shows the following process: the activity of
H at time step t-1 and the external stimulus at time step t jointly provide input to X module,
and the activity of X settles into a contextual state at the time step t. As explained in our
response to comment (1), the activity of X remains constant during each time step.

The primary function of X module in our model is to disambiguate the environmental states
defined by the external stimuli based on the history information. It is true that, in practice,
whether an ongoing sequence is maintained or remapped depends on whether the observed
stimulus is consistent with the predicted stimulus. However, this is a consequence of the
predictive sequence obtained from scratch rather than the primary computational role of X
module. In contrast, X module becomes particularly important when past experience does
not uniquely determine the next state. In this situation, the agent must infer the contextual
state by associating the current situation with previously experienced contexts, rather than
relying solely on temporal continuity.

We also add that, in most successful cases, the contextual states learned by the agent often
correspond to the hidden states of each task as a result of disambiguation. In this sense, the
resulting representation may resemble a “task space” encoding, as suggested by the reviewer.
However, an important aspect of our model is that the agent does not assume the existence or
number of hidden states a priori. Instead, we considered the situation where the agent
initially underestimates the number of contextual states, and through remapping it
incrementally increases the number of contextual representations. When the number of
contextual states matches the number of hidden task states, the task is typically solved.

(3) Also technically, I wonder why the authors introduce the criterion of 50(!) time steps to
allow the attractor to converge, if the state of the attractor network is only relevant in
one time step to choose the appropriate continuation of the sequence of actions. Is
attractor dynamics important at all? What would happen if just the input and output
weights to the X population are kept and the recurrent weights are set 0?

We thank the reviewer for raising this confusing point.
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First, we would like to clarify that the “50 iterations” mentioned in the manuscript does not
refer to 50 environmental time steps. We implemented multiple iterations of attractor
updates (typically until convergence) by Context selector within each behavioral time step.

We clarify this point in the Method section as below.

“After history-based or landmark-based initialization, X iteratively updates its contextual
state at the beginning of each time step according to the associative memory dynamics:”

The recurrent connectivity within the X population is essential for attractor updates. If the
recurrent weights were removed (i.e., set to zero), the network would lose the ability to
retrieve distinct contextual states for the same stimulus. In that case, the model would be
unable to solve the context-dependent task as we showed in this manuscript.

(4) Figure 3E: How many time steps are the H cells active (red bars?) Figure 4J: What are
the units of the time axis?

Thank you for pointing this out.

In Figure 3E, each time step is indicated in the X-axis ticks (i.e., each environmental state). As
we explained in the comment (1), two hippocampal neurons’ activity (red bars) corresponds
to each time step.

Similarly, in Figure 4], each time step is indicated in the X-axis ticks. To better represent the
results, we added descriptions of the environmental states in our model to the X-axis tick
labels in Figure 4].

We added the following texts below in Figure captions.

“The x-axis represents each time step (corresponding to environmental states), and the y-axis
shows the sorted activity of H module.”

“The x-axis represents each time step (corresponding to environmental states), and the y-axis
shows the decoding accuracy of each context based on hippocampal activity.”

https://doi.org/10.7554/eLife.106506.3.sa0
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