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Abstract

Pattern separation, essential for encoding distinct memories
of overlapping contexts, relies on dentate gyrus coding, which
is shaped by entorhinal input and strong lateral inhibition.
The pattern-separated state space provided by the hippocam-
pus is thought to facilitate striatal-dependent reinforcement
learning, enabling associations between sensory features and
outcomes. Although synaptic plasticity, value prediction er-
ror modulation, and adult neurogenesis have been implicated
in this process, their precise contributions remain unclear.
To investigate the computational mechanisms underlying pat-
tern separation, we developed neural network models incor-
porating an entorhinal cortex—dentate gyrus—striatal circuit.
Simulations suggest that lateral inhibition is necessary for
forming a decorrelated coding subspace, whereas hippocam-
pal plasticity and dopamine modulation are not required for
value learning. These findings dissociate neural pattern sep-
aration in hidden-layer representations from behavioral dis-
crimination at the model output, highlighting how biologi-
cally grounded architectures and learning rules can enhance
interpretability.

Introduction

Pattern separation, a memory process that enables animals
to distinguish between similar environments, is essential for
adapting to new conditions. Imaging and behavioral stud-
ies highlight the dentate gyrus (DG) as a key locus of this
process, where dissimilarities in DG activity and behav-
ioral patterns increase with training (Cholvin and Bartos
2022; Sahay et al. 2011; Yassa and Stark 2011). Since the
Marr—Albus theory, computational mechanisms underlying
hippocampal pattern separation have been framed in terms
of the dimensionality of the coding subspace, shaped by di-
vergent feedforward projections from the entorhinal cortex
(EC) and lateral inhibition within the DG (Cayco-Gajic and
Silver 2019). However, activity-dependent processes such as
adult neurogenesis and synaptic plasticity have also been
implicated, though their precise roles remain unclear. No-
tably, conflicting evidence suggests that neurogenesis can
both enhance and impair hippocampus-dependent learning
and memory, including pattern separation (Evans et al. 2022;
Sahay et al. 2011). The hippocampus also projects to the
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ventral striatum, where environmental value is encoded, and
influences midbrain dopamine neurons that compute value
prediction errors (VPEs) (Schultz, Dayan, and Montague
1997; van der Meer and Redish 2011). These neurons project
back to the DG, where dopamine-modulated plasticity has
been proposed to contribute to pattern separation (Hamilton
et al. 2010). To investigate how synaptic plasticity, lateral in-
hibition, dopamine modulation, and neurogenesis shape DG
pattern separation and value estimation, we developed com-
putational models of the EC-DG-striatal circuit implement-
ing different learning rules.

Methods

We modeled the classical contextual fear discrimination task
used in biological studies (McHugh et al. 2007; Sahay et al.
2011). Agents underwent 14 days of pattern separation train-
ing with daily 3-minute exposures to chambers A and B,
which differed slightly in sensory cues. A 2-second foot
shock was delivered only in chamber A. EC activity in each
chamber was represented as a noisy version of two vec-
tors drawn from a normal distribution, with cosine sim-
ilarity controlled by a similarity index (SI). DG neurons
were modeled as rate-based leaky units receiving EC input.
Feedforward weights were updated by one of several learn-
ing rules: Hebbian (AW = agc_spg(yx? — W)), three-
factor (AW = agc_,pgdyx!), backpropagation (AW =
apcpal(W2T6af (u)—Af (u)]zT), or direct feedback
alignment (DFA; W2 replaced by a random matrix); in the
fixed-weight condition (Kumar et al. 2022), no learning oc-
curred (Fig. 1A). In these conditions, DG neurons received
no lateral inhibitory input.

In the Hebbian/anti-Hebbian network (Qin et al. 2023),
DG neurons also received lateral inhibitory input from other
DG neurons, with inhibitory weights updated by a Heb-
bian rule (AM = ayq(yy? — M)) (Fig. 1A). The ratio
o = OLE(;'ZiitDG defined the sparsity constraint (Wang et al.
2025). Additive neurogenesis was modeled by incrementally
activating new DG neurons each day.

Results

We first evaluated the network’s baseline performance in
the behavioral task. As EC input similarity decreased un-
der noise, the Hebbian/anti-Hebbian network progressively
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Figure 1: Biologically grounded EC-DG-striatal network model and simulation results.

reduced DG activity similarity, indicating emergent pattern
separation (Fig. 1B). With overlapping EC inputs represent-
ing contexts A and B (Fig. 1C), the DG produced low-
dimensional representations dominated by the first principal
component, along which contextual representations became
linearly separable over training (Fig. 1D).

To examine the computational mechanisms supporting
pattern separation, we systematically varied key network
parameters. Increasing agpc_pq, representing stronger
EC—DG synaptic plasticity, enhanced pattern separation
(Fig. 1E). Higher r,, values promoted sparser coding (Fig.
1F) and improved pattern separation (Fig. 1G), consistent
with prior models embedding lateral inhibition in feedfor-
ward updates (Sanger 1989).

Alternative learning rules were then compared. Networks
without EC—DG plasticity or using VPE modulation (back-
propagation, DFA, or three-factor rule) failed to increase DG
dissimilarity (Fig. 1H), possibly due to the limited punish-
ment events. Despite qualitatively similar value representa-
tions across models, only the Hebbian/anti-Hebbian network
achieved stronger contextual discrimination and reproduced
experimental findings where both DG activity and behav-
ioral dissimilarities increased with training (Fig. 1I).

Finally, we tested DG neurogenesis. In biological sys-
tems, young adult-born DG neurons exhibit stronger
EC—DG nplasticity (higher agc— pg) and weaker lateral
inhibition (lower r,) (Marin-Burgin et al. 2012; Schmidt-
Hieber, Jonas, and Bischofberger 2004). Increasing daily
neuron addition (AN) led to impaired pattern separation,
regardless of their maturation stage (Fig. 1J).

Discussion

We developed a biologically grounded model incorporating
EC—DG synaptic plasticity, lateral inhibition, and DG neu-
rogenesis to investigate hippocampal pattern separation. The
model reproduced key aspects of pattern separation in DG
coding and value representations. Disrupting EC—DG plas-
ticity, lateral inhibition, or increasing neurogenesis each im-
paired pattern separation, indicating their individually suffi-
cient yet converging contributions.

Only the Hebbian/anti-Hebbian network, mimicking DG
lateral inhibition, reproduced experimentally observed pat-
tern separation and enhanced value discrimination. Unsuper-
vised Hebbian learning self-organized network components
to produce decorrelated representations, whereas backprop-
agation failed to increase hidden-layer dissimilarity, imply-
ing that canonical reinforcement learning models may miss
parts of the data-compatible solution space (Kumar et al.
2025; Levenstein et al. 2024; Laskin, Srinivas, and Abbeel
2020).

Although hippocampal synaptic plasticity is considered a
mechanistic substrate of learning and memory, it alone is
not sufficient for expressing learned behavior. For memories
to be expressed as behavior, hippocampal activity must en-
gage downstream circuits such as the prefrontal cortex, stria-
tum, and amygdala (Frankland and Bontempi 2005). The
hippocampus can exhibit strong plasticity or replay with-
out overt behavioral change (Carr, Jadhav, and Frank 2011;
Morris, Davis, and Butcher 1990). In sum, local hippocam-
pal plasticity can support distinct neural representations,
whereas behavioral expression depends on how these pat-
terns are integrated and reactivated across broader brain net-



works.
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