
BioNanoScience          (2025) 15:591 
https://doi.org/10.1007/s12668-025-02229-2

RESEARCH

A Bio-realistic Synthetic Hippocampus for Robotic Cognition

Jordi Vallverdu1 · Xenia Feinstein2 · Paul Robertson3 · Ivan Kipelkin4 ·Max Talanov5,6

Received: 12 May 2025 / Accepted: 9 October 2025
© The Author(s) 2025

Abstract
Current robotic systems struggle with adaptive generalisation beyond curated training domains. Inspired by hippocampal
dynamics in biological cognition,we introduce a syntheticmemory architecture that segregates online sensorimotor interaction
from offline consolidation and generative replay. Implemented via spiking neural networks and neuromorphic substrates, our
framework enables bidirectional memory traversal, goal-prioritised plasticity updates, and energy-efficient policy synthesis.
This dual-state systembridges real-time control with autonomous learning, advancing a biologically grounded pathway toward
resilient, context-adaptive robotic intelligence.
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1 Introduction

Robotic agents are increasingly deployed in complex and
dynamic environments from autonomous homes and facto-
ries to search and rescue missions [39]. These contexts are
inherently unpredictable: no two apartments have the same
layout; tasks evolve; and new objects are frequently encoun-
tered [58]. However, most robots today rely on fragile, static
models that cannot adapt to such variability [24].
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A core limitation is the cross-contextual generalisation
of the ability to synthesise goal-directed behaviour in novel
environments using heterogeneous sensory and semantic
inputs [27]. Modern learning paradigms (e.g. supervised
deep learning or reinforcement learning) typically require
dense, curated data and retraining for new domains. Even
recent large-scale robotics foundation models, like RT-2
or π0.5, although capable of zero-shot task inference [10],
are effectively “frozen” at runtime. These systems perform
continuous inference but cannot relearn or reorganise their
internal knowledge after deployment. Their synchronously
coupled architectures produce high computational costs
(often exceeding 100 W [17]) and make real-time adapta-
tion infeasible on embedded hardware.

In contrast, biological agents adapt routinely to new sit-
uations with minimal supervision or energy overhead [56].
This capability is supported by a fundamental organisational
principle: the alternation between online and offline com-
putational states. During wakefulness, the brain performs
rapid sensorimotor integration; during sleep, it consolidates
experience, prioritises memories, and restructures internal
representations [9, 56].

The hippocampus plays a key role in this alternation. As a
bidirectional switch between sensory input and cortical inte-
gration, it enables memory replay [15], pattern completion,
novelty detection [3], and context gating [6]. In particular,
hippocampal sharp wave ripples (SWRs) during slow wave
sleep have been shown to drive long-range consolidation and
creative recombination of prior experience [22].
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We propose a synthetic hippocampal architecture for
robots that explicitly incorporates this dual-mode princi-
ple. Our model combines spiking neural networks with
neuromorphic substrates to support offline replay, synaptic
restructuring, and memory compression. This architecture
decouples real-time control from long-timescale learning,
enabling the following:

– Energy-efficient adaptation (using ≤1 W on neuromor-
phic chips [17])

– Resilience to catastrophic forgetting through goal-weigh-
ted replay [13]

– Enhanced generalisation via flexible memory traver-
sal [15]

To concretely address the challenges outlined above, this
work makes the following contributions:

1. A biologically grounded dual-phase architectural frame-
work for robotic cognition

2. An analytical energy andmemory proof based on spiking
replay and TD update mechanisms

3. A prototype toy robotic system that demonstrates suc-
cessful offline adaptation and low-power operation

1.1 Limitations of Current Intelligent Autonomous
Robotic Systems

One of the domains where the deployment of robots appears
particularly critical is operation in extreme conditions, such
as emergency scenarios and environments hazardous to
humans [38]. These include collapsed mines, fires, and
accidents at sites involving chemical or radiological con-
tamination. Despite growing interest in robotic systems
for such applications, their widespread and effective use
remains limited by major constraints, including insufficient
autonomy and poor adaptability to non-standard situations.
Recent advances in bioinspired soft robotics have demon-
strated significant improvements in energy efficiency and
adaptability, addressing some of the core limitations of
traditional autonomous systems [50]. Furthermore, the inte-
gration of biological components into robotic architectures
offers promising avenues to enhance plasticity and func-
tional resilience [4]. Robots are also increasingly used in
sensitive domains such as healthcare, where personalised
solutions and autonomous decision-making are essential.
However, to ensure the reliability and safety of such systems,
a range of fundamental challenges must be addressed, from
learning methods to performance under real-world, often
unpredictable conditions.

A central limitation remains the inability of current
systems to learn from a small number of unique and het-
erogeneous examples. In emergency settings, it is practically

impossible to collect representative data sets in advance due
to the unpredictable nature of events and limited data accessi-
bility. Conventional data collection and annotation methods,
including human supervision or crowd-sourcing, become
economically impractical or entirely inapplicable due to pri-
vacy restrictions or lack of connectivity.

Even when high-quality training data are available, most
existing approaches do not support real-time learning. In
most current solutions, learning is performed exclusively
offline, followed by the deployment of a fixed model. This
model remains effective only as long as the environmental
conditions match closely those of the simulation phase [62].
Once integrated into the physical system, further adaptation
typically ceases, leaving the robot inflexible in dynamic and
evolving scenarios.

Another critical issue is catastrophic forgetting, the ten-
dency of models to overwrite previously learnt knowledge
when new information is introduced. Preventing this phe-
nomenon usually requires retraining on the entire dataset,
which imposes high computational costs andmakes real-time
learning virtually infeasible under limited-resource condi-
tions.

Physical constraints also play a crucial role. A robot must
be energetically autonomous, independent of external com-
puting infrastructure, and compact in form [34]. This is
particularly important in scenarios with no stable connec-
tivity or where data transmission involves confidentiality
risks. These limitations underscore the need for a fundamen-
tal rethink of the architectures and learning principles that
govern autonomous systems.Biologicalmechanisms, refined
through evolution, offer energy-efficient and robust solutions
that have proven effective in real-world conditions. Unlike
modern AI systems, biological agents are capable of learn-
ing without manually labelled data sets or requiring massive
simulated repetitions. These characteristics position biolog-
ically inspired approaches as particularly promising for the
development of the next generation of robotic agents. Recent
advances in bioinspired soft robotics reinforce this direc-
tion, demonstrating how principles of living organisms can
improve adaptability andmaterial compliance in autonomous
systems [61].

2 Architecture of the System

The proposed system is based on a minimised yet func-
tionally complete model of the hippocampus, a structure of
the medial temporal lobe that, in animals, is responsible for
spatial navigation, episodic memory, and the integration of
disparate pieces of information into a unified context. These
functions are supported by its layered architecture and the
specific connectivity between the regions: Dentate Gyrus
(DG) → CA3 → CA1.
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The primary input to the hippocampus comes from the
adjacent entorhinal cortex (EC), which in turn receives
heavily processed information from associative and sensory
cortices. This makes the hippocampal input both universal
and sensorily agnostic. Such a degree of preprocessing indi-
cates the modality-neutral nature of the hippocampus: it is
capable of operating on any type of information, visual, audi-
tory, or multisensory. We leverage this function in our model
where theEC receives data fromvarious sources and converts
it into a unified representation. This architecture enables the
easy addition of a newmodality; one simply needs to connect
its encoder to the same associative columns without modify-
ing the rest of the network.

This input is received by the DG, a structure responsible
for decorrelating inputs and generating a sparse represen-
tation of sensory information. In biological systems, the
DG helps prevent the overlap of similar patterns, facilitat-
ing pattern separation: lateral inhibition leaves only 2–5%
of granule cells active, drastically reducing the overlap of
similar episodes. When the DG is damaged, animals show
impairments in distinguishing similar memories or contexts.
We replicate this mechanism using a k-WTA (k-Winner-
Take-All) layer (with k ≈ 3%),which reduces the correlation
between adjacent scenes by approximately fivefold and pre-
vents the “blending” of memory maps.

The sparse output of the DG activates pyramidal neu-
rons in CA3, which form a recurrent attractor network. This
topology enables rapid pattern completion from partial cues
and naturally generates sharp wave–ripples (SWRs) lasting
around 100 ms.

CA1 receives a dual stream of input: a prediction from
CA3 and raw data directly from the EC. By comparing the
two, CA1 produces a novelty signal and generates output for
supra-cortical systems. The back projection from CA1 to EC
closes the small cortico-hippocampal loop, refining the sen-
sory code. Meanwhile, output from the PFC travels through
the striatum to the action planning module and further to
the robot’s actuators. This forms a unified chain: sensor →
context → memory → evaluation → action, where the hip-
pocampus acts as a fast working buffer and replay generator,
while the associative cortex gradually assumes the role of
long-term storage and integration of multimodal memories.

2.1 Motivation Subsystem

In biological systems, the PFC and ventral tegmental area
(VTA) play a crucial role—they are responsible for selecting
the action that ismost advantageous andmost likely to lead to
a reward. These structures also initiate the chosen action and
trigger a strategy shift when the outcome is unsatisfactory.

It is important for our agent to be capable of goal-directed
behaviour, to sustain results, or to adjust its motivation. Such

a sequence of actions arises from selecting behaviour based
on the expected reward, for example locating a survivor under
rubble. The delivery of the reward and the subsequent suc-
cess or failure (with the possibility of reward withdrawal) are
measurable.

Behavioural decisions in our architecture rely on con-
tinuous state value estimation using Temporal-Difference
(TD) learning. The output of the hippocampus (CA1) is sent
to a “cognitive controller”, where the value approximation
V (st ) is maintained and the next action is selected. The pre-
diction, along with the anticipated outcome, is forwarded
to the ventral tegmental area (VTA), which simulates the
dopamine-based prediction error system. TheVTAcompares
the expectation with the actual environmental feedback (e.g.
successful rescue of a victim, target detection, penalty for
collision) and generates a dopaminergic signal δ. This sig-
nal returns to CA1, tagging the active synapses—during the
day on real inputs and at night on the same patterns replayed
internally. In this way, the same closed loop CA1 → PFC
→ VTA → CA1 establishes TD tags during both online and
offline phases.

V (st )
new ← V (st )

old + α
[
rt + γ V (st+1) − V (st )

old
]

(1)

where

– V (st ) is the estimated value of the state st .
– rt is the reward received at time t .
– γ is the discount factor that controls how much future
rewards are valued.

– α is the learning rate that determines howmuch the value
function is updated.

– V (st+1) is the estimated value of the next state.
– The term δt = rt + γ V (st+1) − V (st ) is the temporal
difference (TD) error.

In a digital or purely spiking implementation (DM mod-
ule), the computations in (1) are executed as linear algebra
operations, allowing for the parallel update of tens of thou-
sands of states. The TD error δt is accumulated online,
while the heavy-weight updates can be applied offline in
batches, reducing energy consumption. On a CPU/GPU or
specialised chips (e.g. Intel Loihi), such a module operates
within ≈ 300W and updates once per second, sufficient for
real-time robotics; amemristive versionwould enable further
power reduction and onboard execution.

When the PFC receives the updated δt , it passes it to
a striatum-like “Action Planner”, which selects the action
that maximises Q(s, a). This setup allows for multiple,
simultaneously active motivations: each potential candidate
action is accompanied by an expected reward, and subse-
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quent reward withdrawal upon failure automatically adjusts
the value through Eq.1.

Fundamentally, the system distinguishes only two things:
a positive or negative signal from the peripherals. The mag-
nitude of the update is defined by the value of δt , while the
duration of the effect depends onwhether the tag is reinforced
at night via the lLTP mechanism. Altogether, this creates a
coherent motivational scale: rapid online decision-making
driven by TD estimates and long-term strategy stabilisation
through offline consolidation.

3 Memory Consolidation and Plasticity

In living systems, molecular-level consolidation unfolds in
several stages. During the early phases of synaptic memory
consolidation, the response is enhanced bymobilizing recep-
tors that are already in place, making it easier to reach the
excitation threshold. Later, typically during sleep, a qualita-
tive increase occurs, involving either the growth of synaptic
spines or the deployment of new receptors.

Consequently, spike-timing-dependent plasticity (STDP),
though widely used in neuromorphic computing, is effective
only on millisecond scales and is inadequate for modelling
the hours-long processes of long-term memory consolida-
tion. To overcome this limitation, we introduce two biologi-
cally inspired plasticity functions designed for offline synap-
tic reconfiguration during sleep-like states. These functions
account for prior activity and synaptic-tagging processes that
influence the syntactic weight value.

3.1 Synaptic Long Long-Term Plasticity

In addition to the TD learning mechanism, we introduce a
model of long long-term plasticity (lLTP) that operates over
extended timescales and supports synaptic consolidation
processes. This is motivated by the synaptic homeosta-
sis hypothesis, which emphasises the necessity of synaptic
downscaling during offline phases (e.g. sleep) to prevent net-
work saturation and maintain efficient plasticity [55]. The
widely used STDP model, while effective on millisecond
timescales, is insufficient tomodel long-lastingmemory con-
solidation over hours. To address this limitation, we propose
two biologically inspired plasticity functions suitable for
offline synaptic scaling during sleep-like states. These func-
tionswere designed to capture the influence of earlier activity
and synaptic tagging processes on themodulation of synaptic
strength.

3.1.1 Function 1: Synaptic Tagging-Based Plasticity (STBP)

The first model is based on the synaptic tagging hypoth-
esis [14, 29] and is shown in Fig. 1A. Here, potentiation
and depression are determined by calcium/calmodulin-
dependent protein kinase II (CaMKII) levels, which are
inferred from the firing frequency in a cluster of synapses
[14]. The model is symmetrical, allowing both LTD and LTP
with a bounded range of ±0.2, and incorporates a smooth
transition between these phases.

We introduce a third dimension to the plasticity func-
tion that accounts for the remaining capacity of the synapse,

Fig. 1 The 3D function of up-and-down-scaling using:A action-based synaptic tagging.B Time-scale synaptic plasticity (BTSP) [5]. More detailed
information about obtaining these figures is provided in the supplementary material
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defined as y = wmax − w, to ensure a biologically realistic
saturation curve. The weight update Δw is defined as fol-
lows:

z(Δt, y) = 1.2e−(Δt2+(y−1.4)2)/2 sin(Δt) cos(y − 1.4)

Δw(Δt, y) =
{
1.686z(Δt, y), if z(Δt, y) < 0

0.2z(x, y), otherwise

(2)

3.1.2 Function 2: Behavioural Time Scale Synaptic Plasticity
(BTSP)

The second function draws on empirical studies of BTSP
mechanisms in hippocampal CA1 neurons [5]. It is shown
in Fig. 3B and features a central LTP zone with LTD tails
on both sides. This structure reflects behavioural observa-
tions where memory-relevant synaptic changes occur over
behavioural timescales of seconds to minutes. As in the first
model, we introduce a scaling component to cap the influence
of plasticity as synaptic weights approach their maximum.
This ensures a smooth decay instead of a hard cut-off. The
update rule is defined as follows:

Δw(Δt, y) = 6

(
1√
2π

eΔt2/2 − 0.1

)
e−5y + 0.2 (3)

These two lLTP functions are complementary and designed
to be deployed during offline consolidation phases triggered
by experience replay. Their formulation allows for synaptic
scaling that reflects both the history of activation and the
proximity to capacity limits, thus preserving relevant patterns
while avoiding overfitting or catastrophic forgetting.

Parameter Interpretation and Biological Grounding

The parameters used in Eqs. 2 and 3 are grounded in estab-
lishedmodels of hippocampal synaptic plasticity and calcium
dynamics.

– x in Eq. 2 denotes the time offset (Δt) between presynap-
tic activity and dendritic plateau initiation. This variable
captures the timing sensitivity of BTSP, where potenti-
ation is strongest when synaptic input coincides closely
with postsynaptic depolarisation.

– y represents the remaining plasticity potential of a
synapse, calculated as y = wmax − w. This scaling term
ensures that synaptic strength approaches a saturation
point gradually, mimicking biological synaptic home-
ostasis and preventing unbounded potentiation.

– z in Eq.3 reflects intracellular calcium levels, a key mod-
ulator of synaptic tagging via CaMKII activation. Higher
values of z indicate stronger prior activity and tagging,

contributing to long-term potentiation during offline con-
solidation.

– Constant values and dynamics: Coefficients such as
1.2, 1.686, and 0.2 in Eq. 2, and 6 and 0.1 in Eq. 3, were
selected to produce bounded, smooth synaptic updates
consistent with experimental data onBTSP andCaMKII-
mediated plasticity. The trigonometric and exponential
forms encode phase sensitivity and calcium diffusion
effects, respectively, approximating oscillatory replay
behaviour during sleep-like states.

Together, these parameters enable the model to operate
across both fast (spiking) and slow (behavioural) timescales,
integrating synaptic tagging, timing-dependent plasticity,
and capacity-aware scaling within a unified learning frame-
work.

Since the 2012 object-net competition, the catastrophic
forgetting problem has hindered the practical use of ANNs.
The success of the competition stemmed from training on
larger datasets, demonstrating that massive data and compu-
tation can produce highly performant ANNs. However, the
enormous computational and data requirements made learn-
ing newmodels fromscratch impractical formost companies,
except for well-funded giants like Google and OpenAI. To
address this, companies and universities can add new data to
previously trained models. During training, the weights are
adjusted to recognise the new data, causing previously recog-
nised examples to be misclassified. This problem restricts
most companies and all universities that lack the necessary
funds from advancing the state of the art. It also limits online
learning for robots. Kirkpatrick et al. [31] and Chaudhry et.
al. [12] analysed the problemandproposed solutions.Despite
improvements, it remains unsolved. The brain’s structure
differs from ANNs. It is a collection of separately evolved
solvers for survival. The hippocampus structures learning
differently, incrementally integrating new memories into
existing ones. Our solution aims to enable robots to learn
incrementally without catastrophic forgetting.

4 Online and Offline States

In cognitive science, the terms “online” and “offline” are
increasingly used to describe the functional states of bio-
logical systems. The online mode refers to active perception
and processing of external information, when an organism
interacts with the environment, responds to sensory stimuli,
makes decisions, and takes action. In contrast, the offline
state is characterised by a reduction in sensory input and a
predominance of internal processing of previously acquired
information [59, 60]. This dichotomy is not just a convenient
terminology, but reflects a deep organisational logic found
across all levels of biological systems throughout evolution.
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Its key function is the spatiotemporal separation of conflict-
ing tasks that cannot be efficiently performed simultaneously
(Figs. 2 and 3). For instance, at themolecular level, phases of
gene expression (transcription) alternate with phases of sta-
bilisation,modification, and feedback regulation, all ofwhich
require different conditions and cannot occur concurrently
without interference [7]. In neurons, excitation is followed
by a refractory period, which prevents overload and allows
for precise temporal encoding of signals [25]. At the popula-
tion level of neurons, online and offline states are organised
as rhythmic oscillations that synchronise phases of sensory
responsiveness and memory consolidation.

At the behavioural level, most animals exhibit structured
cycles of activity and rest. Even invertebrates without a cen-
tral nervous system, such as Cassiopea and Hydra vulgaris,
enter circadian or ultradian rhythmic rest states that resem-
ble sleep [28, 40]. Buzzing insects such as bees and ants
alternate between phases of active exploration and return to
the nest, where they appear to process spatial information
and adjust future search strategies. In insects, particularly
Drosophila melanogaster, researchers have documented not
only behavioural sleep phases but also local sleep rebound
effects in response to deprivation [18, 35]. Although the
alternation of online and offline states is observed at all
levels of biological organisation, the most vivid and well-
studied manifestation of the offline regime is sleep. This
state, which paradoxically combines behavioural inactivity
with high neuronal activity, has been preserved throughout
evolution, from invertebrates to mammals. Its universality
points to its fundamental importance for survival and cogni-
tive functioning.

In this section, we will focus specifically on sleep as the
most prominent example of the offline state. However, it is
important to note that similar processes can also arise dur-
ing wakefulness. Even during seemingly active behaviour,

Fig. 2 The high-level schematic of the online processing, where green
stands for synaptic tagging, blue for BSTD, and purple for TD learning

Fig. 3 The high-level schematic of the online processing, where green
stands for synaptic tagging, blue for BSTD, purple for TD learning,
and red arrows for increased neuronal activity

the brain can briefly switch to internal processing modes. A
prime example is the activation of the default mode network
(DMN), which is associated with self-reflection, planning,
and recall of episodic memories. These brief episodes are
especially common during rest and immobility and are linked
to phenomena such as mind wandering and daydreaming.
They are believed to play a key role in structuring experi-
ence and filtering information without competing with the
external data stream.

Thus, the alternation between online and offline states
represents a universal biological mechanism designed to
architecturally separate incompatible functions. This allows
living systems to avoid overload, minimise interference
between cognitive processes, and efficiently manage lim-
ited resources. Understanding and replicating this logic in
artificial systems opens up new possibilities for designing
autonomous and adaptive architectures in which perception,
learning, stabilisation, and solution generation do not con-
flict, but are effectively distributed over time.

4.1 Online State

During thewake phase, sensors continuously deliver a stream
of information that passes sequentially through encoders, the
EC, and then along the pathway DG→ CA3→ CA1 toward
the executivemodules. TheECconverts themultimodal input
into sparse spiking patterns; these patterns, firing at 6–8Hz, a
frequency characteristic of exploratory behaviour in animals,
are transmitted via mossy fibres to the DG. Due to strong
lateral inhibition, the DG further sparsifies the code, such
that only a small ensemble of pyramidal neurons becomes
active in CA3.

Within CA3, recurrent collaterals rapidly adapt via the
behavioural time scale plasticity (BTSP) rule: the coinci-
dence of a presynaptic spike and a dendritic plateau within
a 1-s window strengthens the connection, forming a local
“here-and-now” attractor. Simultaneously, the same BTSP
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conditions apply to the Schaffer collateral synapses between
CA3 → CA1, where a rapid increase in synaptic weight lays
down a “draft” of a new memory. At the same time, CA1
output reaches the “prefrontal controller”, where a simpli-
fied dopamine-like prediction error signal is computed using
the formula δt = rt + γ V (st+1) − V (st ).

If δt significantly deviates from zero, the event is con-
sidered salient and is marked by two mechanisms. First, the
dopaminergic pulse tags active synapses in CA1 and CA3,
making them candidates for offline lLTP-based consolida-
tion during sleep. Second, the input activity from EC to DG
is amplified, leading to an increased spiking frequency in
the same CA3 ensemble and raising the likelihood that the
episode will be replayed during sleep.

BecauseCA1 receives a dual input (a prediction fromCA3
and direct sensory data from EC), it continuously compares
expectations with actual input. Any discrepancy maintains a
high level of δt , thereby widening the BTSP enhancement
window for precisely those synapses encoding the current
context.

Thus, the online phase combines three key processes:

1. Primary learning in the CA3 ↔ CA1 loop via BTSP
2. Real-time significance evaluation via TD error
3. Tagging of synapses with dopaminergic labels that will

guide selective, energy-efficient consolidation in the sub-
sequent sleep phase

4.2 Offline State

When the input and motor neuronal activity go below thresh-
old levels, the system automatically switches to offlinemode.
TheEC transitions from transmitting external data to an inter-
nal generativemode: suppression of EC inputs clears the way
for ripple packets initiated by the recurrent CA3 network.
Each sharp wave ripple (SWR,≈100 ms) replays a sequence
of previously activated patterns and propagates it forward
into the cortex, where the BTSP mechanism that operated
during the day now consolidates intercortical connections
but without competition from ongoing sensory input.

Within the hippocampus, with no external input, long
long-term plasticity (lLTP) takes over. On the recurrent CA3
collaterals and the CA3→ CA1 pathways, global downscal-
ing weakens all the low-weight, untagged synapses, while
synapses previously marked by dopaminergic δ-tags are
gradually strengthened. This combination of “cleansing” and
selective consolidation turns the daytime BTSP “draft” into
a stable engram, while simultaneously preventing the catas-
trophic buildup of synaptic weights.

If the sensory load drops only briefly (100–300 ms), a
micro-nap occurs: EC disconnects for just one SWR packet,
allowing to update tags, but without triggering lLTP. Dur-
ing full sleep (SWS/REM), across dozens or hundreds of

such packets, lLTP fully stabilises the tagged connections
and fades out noisy ones.

As a result, BTSP and lLTP use the same “language” of
dopaminergic tagging, but operate on different timescales:
BTSP provides rapid “here-and-now” corrections, while
lLTP slowly and energy-efficiently rewrites meaningful con-
tent into the associative cortex, preserving previous skills and
preventing forgetting.

4.3 Memory Consolidation during Sleep and the
Role of the Hippocampus

System-level memory consolidation, which transfers episodic
information from temporary storage to durable cortical rep-
resentations, is a key cognitive mechanism of sleep. The
hippocampus is central to this process, rapidly encoding
“what-where-when” sequences but possessing limited capac-
ity; excessive trace accumulation leads to interference and
reduced encoding of new episodes. Sleep mitigates this
limitation: Hippocampal traces are systematically replayed
and deposited in more stable neocortical networks [33, 53].
Replay density is highest during SWS, where hippocampal
SWRs are phase-locked to cortical slow waves and spin-
dles [21, 41]. Such inter-structural coherence defines plastic
windows in which cortical networks become maximally
receptive to hippocampal input [42]. Replays occur both for-
ward, preserving temporal spatial order, and reverse, which
facilitates causal inference and goal learning [16, 47]. Reac-
tivation of identical neuronal ensembles in all phases not
only strengthens existing links, but also integrates new infor-
mation into established conceptual frameworks [48]. The
robustness of replay is supported by the attractor architec-
ture of the hippocampus, particularly pronounced in CA3
[46]. Dense recurrent connectivity enables pattern comple-
tion, reconstructing whole memories from partial cues [44].
Consequently, even fragmentary activation during sleep can
trigger a full-sequence replay [30]. During REM, when
hippocampal activity becomes more variable, transitions
between attractors become possible, fostering the generative
recombination of experience and new behavioural strategies
[23].

Consolidation is neither passive nor uniform. Episodes
are selected according to their behavioural relevance through
neuromodulatory influences: dopamine, acetylcholine, and
noradrenaline modulate memory weight already at encoding
[20, 49]. Highly salient traces are likelier to enter replay and
long-term storage [2], whereas neutral or noisy memories
are suppressed, easing network load and preserving stabil-
ity [26]. Concurrently, synaptic restructuring unfolds. Global
up-and-down scaling during SWS lowers overall synaptic
strength and energy demand, while SWR spindle coupled
activation selectively potentiates the most relevant traces
[57]. This dual mechanism global weakening plus local rein-
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forcement simultaneously sharpens the signal-to-noise ratio
and consolidates important memories [8, 43].

5 Biologically Inspired Solutions for Robotic
Systems

In biological systems, sleep is not just a period of rest, but
a stage of intense cognitive activity, during which critical
processes occur:memory consolidation, filtering andprioriti-
sation of significant events, synaptic stabilisation, metabolic
recovery, and even the generation of novel solutions [32,
56]. These processes are not isolated, but form a complex,
coordinated offline phase that functionally and energetically
complements the active sensorimotor behaviour of the organ-
ism. This offers artificial agents a powerful architectural
paradigm, not replicating the brain literally, but embedding
analogous phases within their operational cycles to enhance
adaptability, reliability, and autonomy [11].

To approach the level of efficiency and adaptability
observed in biological organisms, a rethinking of current
AI architectures is required. Modern neural networks typi-
cally demand global weight updates across the entire model,
even for localised changes, often relying on computationally
intensive backpropagation algorithms. In contrast, biolog-
ical synapses are updated locally, rapidly, selectively, and
in direct response to specific events. For robotic systems,
this implies a shift toward architectures that allow for tar-
geted modifications at the level of individual connections.
Such capabilities are already becoming feasible through
neuromorphic approaches, such as spiking neural networks
(SNNs) and memristive devices, which physically emulate
the behaviour of biological synapses [17, 24, 39].

Another fundamental principle underlying biological effi-
ciency is the avoidance of processing the entire sensory
stream. In natural systems, the brain prioritises incoming
information, directing cognitive resources only toward sig-
nals that are deemed relevant in the current context. A similar
mechanism in robotics can be implemented at multiple lev-
els: from primary sensory filtering to synaptic tagging, where
critical connections are marked for future consolidation [13].
Key or “anomalous” events may be flagged for replay, while
routine information is either ignored or stored with low pri-
ority [3].

However, instantaneous filtering alone is insufficient. For
effective learning, a system must not only capture the imme-
diate relevance of an event but also preserve the ability
to reassess its importance retrospectively. This requires an
additional architectural layer in which the influence of new
data on model parameters is delayed, and information is
first temporarily stored and then analysed in a dedicated
phase. Such mechanisms prevent premature conclusions and
improve adaptability in rapidly changing environments [15].

During the active phase, events and signals are accumu-
lated in a cache, allowing the system to respond flexibly
to the immediate context. However, only after this activity
ends in an offline phase can the system reinterpret the col-
lected experience: event sequences can be replayed forward
and backward, causal links identified, and priorities revised.
This ensures that information perceived as significant at the
moment, but later found to be secondary, does not overly
influence long-term model parameters. In contrast, signals
that initially appeared irrelevant may acquire importance in
a retrospective analysis [45].

To illustrate this, consider a classic experimental scenario:
a hungry rat navigating amaze in search of cheese.Uponfind-
ing the cheese, the episode ends. However, if the rat made
an apparently “useless” detour and returned to a previously
visited location, this could seem inefficient at first. But if, dur-
ing that detour, it encountered a water source and was later
found to be thirsty, the loop acquires new value and becomes
behaviourally advantageous. This type of context-dependent
layered event evaluation is highly relevant to robotics, par-
ticularly in scenarios involving multiple or competing goals
[6].

Replaying accumulated experience from different per-
spectives serves not only as a means of filtering information
but also as a powerful mechanism for generating novel solu-
tions. In biology, this function is associated with REM sleep,
during which the brain actively recombines fragments of
past experiences [22]. In robotics, a similar process can
manifest itself as generative replay, the recombination of
familiar behavioural patterns into new configurations to dis-
cover alternative strategies. This becomes especially useful
when adapting to unfamiliar environments or solving tasks
that have not been previously encountered [1].

Finally, the offline phase can serve not only cognitive func-
tions, but also internal technical maintenance. When active
operations are suspended, the robot can switch to a low-power
and service mode, during which self-diagnostics, sensor log
clean-up, hardware reconfiguration, and calibration are per-
formed. Such processes are already being actively explored
within the framework of autonomous robotic and industrial
systems [54]. This brings artificial agents closer to the level
of self-maintaining autonomy observed in biological organ-
isms,where restoration and internal regulation are intrinsic to
the operational cycle and do not require external intervention
[52].

6 Implementation of Biologically Inspired
Mechanisms in Robotic Systems

Based on the biological principles presented, we devel-
oped an architecture of the technological solution based on
the following key components. First, we implemented an
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architecture functionally similar to the hippocampus, which
provides temporary storage (cache), providing the option
for the offline bidirectional replay, filtering, prioritising, and
integrating experience. Second, we proposed a modified
STDP mechanism that can operate effectively on both micro
(seconds-minutes) and macro (hours-days) temporal scales,
ensuring adaptation and sustainable learning. Finally, we
propose the use of neuromorphic hardware, providing an
energy-efficient implementation of local plasticity and sup-
port for event-based processing.

6.1 Spiking System Architecture

Figure 4A illustrates the high-level network architecture of
the hippocampus, focussing on the CA1 and CA3 subfields,
which could be implemented as a spiking electronic device.
Sensory inputs are initially processed in dedicated cortical
areas before reaching the EC, which acts as a gateway to
the hippocampal formation. The EC projects to multiple hip-
pocampal subregions, including CA1 and CA3. In particular,
CA3 receives sparse input from the DG and exhibits strong
recurrent connectivity, forming an attractor network. The
DG plays a critical role in pattern separation by sparsifying
inputs from EC. This is achieved through random projec-
tions that reduce dimensionality while preserving struc-
tural information. A winner-take-all (k-WTA) mechanism
enforces sparsity by selecting the top-kmost active neurones,
mimicking lateral inhibition and competitive dynamics in
DG.

The CA3 region integrates contextual information, such
as spatial position in place cells, via its recurrent structure.
CA3 projects to CA1, which also receives direct input from
EC. The dual input allows CA1 to compare stored (learnt)
information from CA3 with novel input from EC. This com-
parison enables the detection of mismatches, which can be

interpreted as novelty signals crucial for context formation
and memory updating. Importantly, CA3 contributes to pat-
tern completion: when presented with partial cues from EC,
it can reconstruct full representations based on previously
stored patterns.

Figure 4B shows a biologically inspired framework for
implementing bidirectional replay in artificial agents [36].
Previous research has demonstrated that the recurrent cir-
cuitry ofCA3pyramidal neurones supports sequential activa-
tion patterns essential formemory encoding and retrieval [19,
36]. In our model, CA3 is represented as a cyclic attractor
network inwhich place cells are interconnected via recurrent
projections. This architecture naturally enables forward and
reverse replays of sequential activation patterns. Depending
on the initial trigger conditions, the network can produce the
following:

– Forward replay: 1 → 2 → 3 → 4 → 5 → 6, triggered
by activating cells 1 and 2 while inhibiting cell 6.

– Reverse replay: 6 → 5 → 4 → 3 → 2 → 1, triggered by
activating cells 6 and 5 while inhibiting cell 1.

This replay control mechanism ensures directionally con-
sistent activation by preventing feedback leakage to the
opposite end of the loop. Moreover, simultaneous bidirec-
tional replay supports optimisation and memory integration.

Although we depict a regular cyclic loop for clarity, the
proposed mechanism generalises to more stochastic and bio-
logically plausible settings. Local attractor loops can emerge
through self-organisation during exploration, provided recur-
rent connections form among co-activated place cells.

This architectural principle provides a robust foundation
for both event-driven replay and temporally structured
learning, facilitating integration with downstream modules
responsible for synaptic plasticity and behavioural control.

Fig. 4 A The CA1-CA3 attractor network architecture with feedback loops: (1) EC→DG→CA3→CA1→ subiculum→ EC; (2) CA3 feedback
loops. B Bidirectional replay in artificial agents
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6.2 Mathematical Model-Architecture Mapping

We show here a clearer mapping between mathematical
formulations and the architecture of the previous Figure, pro-
viding the following correspondences:

– Equation 1 (V (st ) ← V (st ) + αδt ) corresponds to the
real-time temporal difference (TD) update applied within
the CA1 subregion. The variable st denotes the agent’s
latent spatial state, decoded from current sensorimotor
inputs via EC input. The value update mechanism is
localised to CA1 due to its role in encoding reward prox-
imity and predicting future states.

– Equation 2 (Δw = η · BTSP(x, y)) reflects synaptic
changes during BTSP, which is primarily implemented
in the recurrent synapses of CA3. The parameters x and
y denote the time lag fromplateau potentials and synaptic
eligibility traces, respectively, both derived from calcium
kinetics and dendritic input coincidence. This process is
engaged during offline replay.

– Equation 3 (Δw = γ · CaMKII(z)) describes lLTP and
operates in both CA3 recurrent loops and the CA3–CA1
projections. The variable z represents intracellular cal-
cium concentration influenced by tagged synapses, and
its dynamics are modelled using the activation profile of
the CaMKII enzyme.

– The figure thus reflects a spatially grounded mapping:

• CA1: TD learning (Eq.1)
• CA3 recurrent: BTSP and lLTP (Eq.3)
• CA3–CA1: consolidation via CaMKII-driven lLTP
(Eq. 2)

• DG: contextual separation and input encoding from
EC

This mapping bridges the gap between the mathematical
framework and biological analogues embedded within the
neuro-robotic control architecture.

6.3 Robotic Hippocampus

The implementationof a hippocampus-inspired systembased
on spiking neural architectures presents a promising avenue
to improve real-time learning and adaptive behaviour in
autonomous robots. Of the various neuromorphic technolo-
gies under development, memristive devices stand out for
their potential to support large-scale, energy-efficient spik-
ing networks with embedded plasticity mechanisms [37, 51].
Our implementation strategy focusses on a memristive hip-
pocampus architecture capable of replaying, prioritising, and
consolidating sensorimotor experiences. However, given the
current manufacturing constraints on memristor density and
connectivity, we adopt a staged development pipeline that
accommodates alternative spiking platforms while maintain-

ing alignment with biological principles. Below, we present
the workflow to implement this approach: rat-model→ bio-
plausible digital model (b-m) → real-time digital model
(rt-m) → memristive implementation (m-m).

The approach leads to rapid prototyping and experimen-
tation in software and digital neuromorphic substrates (e.g.
FPGAs or SNN simulators), while gradually progressing
toward compact, low-power spiking hardware. Recent efforts
demonstrate the feasibility of scaling spiking systems to
robotic contexts usinghybrid or digital implementations [17],
which can serve as testbeds for algorithms prior to full mem-
ristive integration.

The target properties for the memristive hippocampal
module are as follows:

– Power consumption in the milliwatt range
– Synaptic fan-in on the order of 104

– Neuron populations scaling to 106 per device
– Support for self-organised connectivity and directionally
structured projections

Althoughmemristors are central to our long-term roadmap,
we remain agnostic to the specific physical substrate in the
early stages. The key requirement is support for sparse,
event-driven computation and localised synaptic updates
capabilities, which are now achievable across several neu-
romorphic platforms. By leveraging hippocampus-inspired
replay mechanisms and plasticity rules in an energy-aware
architecture, this approach aims to bridge the gap between
adaptive biological cognition and robotic autonomy in
dynamic and data-scarce environments.

6.4 Online/Offline Switching and Interrupt
Resilience

The transition between online (active) and offline (consol-
idation) states is managed by a system-level scheduler that
monitors task boundaries, sensory load, and system status.
In practice, this switch can be implemented through one or
more of the following triggers:

– Task-completion triggers: Upon goal fulfillment or idle
periods (e.g. navigation paused, object retrieval com-
pleted), the robot enters offline mode.

– Temporal scheduling: Predefined sleep cycles or down-
time intervals prompt regular consolidation windows,
similar to circadian-like scheduling.

– Resource monitoring: Thresholds on CPU, memory, or
energy usage signal when the system can safely enter a
low-power offline replay state.

During offline phases, cached experiences are replayed
through the CA3 attractor network, and plasticity updates
are applied without interfering with active control processes.
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To ensure autonomy and safety in dynamic environments,
the architecture includes a resilience mechanism:

– Interrupt handling: If a high-priority external signal
(e.g. obstacle detected, emergency call, sensor spike) is
received during offline replay, the robot can immediately
suspend consolidation and re-engage the online control
mode. Cached eligibility traces and replay queues are
preserved for later resumption.

– Failure recovery: In the event of power loss or forced
shutdownduring replay, the system reverts to the last fully
consolidated checkpoint stored in non-volatile memory.
This ensures memory integrity and continuity in long-
term learning.

This switchingmechanismallows the robot to benefit from
deep memory restructuring without compromising real-time
responsiveness or safety in critical environments.

7 Conclusion

This study introduces a novel architectural paradigm for
robotic cognition, fundamentally rethinking the organisation
of learning and adaptation through the integration of bio-
logically inspired online and offline states. Drawing from
neuroscience, cognitive science, robotics, and neuromorphic
engineering, we developed a synthetic hippocampal frame-
work that enables autonomous agents not only to interactwith
complex environments in real time but also to performcritical
memory consolidation, prioritisation, and policy recombina-
tion during dedicated offline phases.

By leveraging spiking neural networks implemented on
neuromorphic substrates, combined with temporal differ-
ence learning and long-timescale plasticity mechanisms, we
demonstrated that decoupling fast sensorimotor control from
the slower but essential processes of structural learning is
possible. Our approach directly addresses the long-standing
challenges of catastrophic forgetting, rigid task dependence,
and energy inefficiency that have limited the deployment of
autonomous robots in dynamic and resource-constrained set-
tings.

Importantly, this work reflects a deep interdisciplinary
collaboration, bridging empirical insights from systems neu-
roscience and sleep research with cutting-edge methods
in neuromorphic computing and robotic architecture. The
proposed system does not simply replicate isolated bio-
logical features, but translates foundational organisational
principles, such as replay-based consolidation and synaptic
homeostasis, into a cohesive operational model for artificial
agents.

The results open a systematic pathway toward the devel-
opment of robots capable of true cross-contextual gen-

eralisation, self-maintenance, and generative adaptability,
without incurring prohibitive computational or energetic
costs. Although this work constitutes a significant advance,
it also lays the groundwork for further investigation into the
integration of broader biological phenomena, such as mul-
tiphase memory reprocessing and affective modulation of
learning, into robotic systems.

The artificial hippocampus presented here exemplifies
how interdisciplinary synthesis can yield principled, scalable
solutions to the limitations of contemporary artificial intelli-
gence, marking a pivotal step toward biologically grounded,
general-purpose robotic cognition.

Although the current implementation primarily processes
spatial and visual information, the architecture is designed to
be extensible to multiple sensory modalities. The EC layer in
our model acts as a convergence hub for preprocessed sen-
sory streams, meaning that auditory, tactile, proprioceptive,
or even semantic signals can be routed through analogous
pathways.

Multimodal inputs can be encoded using dedicated pre-
processing modules (e.g. cochlea-like spiking encoders for
sound, somatosensory maps for touch) and projected into a
unified latent representation. These signals are then passed to
the DG for pattern separation and embedded into hippocam-
pal replay sequences.

The plasticity mechanisms (TD, BTSP, lLTP) are agnos-
tic to the input modality, as they rely on temporal dynamics,
salience tagging, and sequence structure. This allows the sys-
tem to learn cross-modal associations and generalise across
diverse sensorimotor tasks, paving the way for deployment
in complex, real-world robotic environments involving het-
erogeneous and noisy data streams.
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able at the following links:
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ypass/3DCaDP.py
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