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Abstract

The hippocampus supports both learning fine-grained
details of individual experiences and extracting shared
structure across them, despite their competing computa-
tional demands. Prior work suggests a division of labor
within the hippocampus: the trisynaptic pathway (TSP)
builds pattern-separated representations for episodic
learning, whereas the monosynaptic pathway (MSP)
builds overlapping representations for structure learning.
But how does the brain deploy the right pathway for a
given task? We introduce a mixture-of-experts frame-
work with MSP- and TSP-like neural network experts and
an mPFC-inspired gating network that computes trial-
wise weightings of their outputs. Trained end-to-end, the
gating network learns to preferentially recruit MSP for
categorization and TSP for exemplar learning. We show
that the model reproduces findings from rodent contex-
tual fear conditioning experiments, where mPFC disrup-
tion impairs fear-memory specificity without disrupting
fear learning. Adaptive gating shifts recruitment toward
TSP when a novel shock context must be encoded, re-
ducing representational overlap with similar contexts.
These results offer a mechanistic theory of how mPFC
may dynamically engage hippocampal pathways to bal-
ance competing memory demands.

Introduction

The hippocampus supports both episodic and structure
learning (Dickerson & Eichenbaum, 2010; Mack et al.,
2018)—functions that impose contrasting computa-
tional demands. C-HORSE, a biologically-grounded
model of the hippocampus, assigns these roles to sep-
arate pathways: the TSP builds sparse pattern-sepa-
rated representations that orthogonalize episodes,
while the MSP builds overlapping representations that
extract structure (Schapiro et al., 2017). A critical puzzle
remains: how does the brain adaptively deploy the right
pathway for a given task? Prior work implicates mPFC—
hippocampal interactions as a candidate control mech-
anism (Eichenbaum, 2017; Preston & Eichenbaum,
2013), and evidence from rodents suggests that the
mPFC-Re-HPC circuit specifically regulates memory
specificity in fear conditioning (Xu & Sudhof, 2013). We
explore learning mechanisms that could allow the PFC

to exert this kind of task-specific control over hippocam-
pal representations.

We propose a heterogenous Mixture-of-Experts sys-
tem (MoE; Jacobs et al., 1991) comprising MSP- and
TSP-like experts, imbued with properties of the biologi-
cal subcircuits, and an mPFC-inspired gating network.
In prior work we showed that the experts developed
contrasting representational profiles: MSP learned
shared structure across items, whereas TSP separated
individual items (Singh, Williams, & Schapiro, 2025).
The mPFC-like gate learned to adaptively recruit hippo-
campal subcircuits according to task demands: at the
aggregate level, TSP was preferentially recruited for ex-
emplar recognition and MSP for categorization, while
trial-wise TSP recruitment during categorization in-
creased for more novel category exceptions. Here, we
extend this framework to contextual fear conditioning,
asking whether adaptive gating can account for how
mPFC disruption selectively impairs fear-memory spec-
ificity.

Results

We used a shared-latent mixture-of-experts architec-
ture set up as an autoencoder in which MSP- and TSP-
like experts encoded synthetic environmental context
vectors concatenated with a freeze/no-freeze outcome
label. Trial-wise mPFC gating weights (a) combined the
experts’ hidden states into a common latent represen-
tation, which was decoded to reconstruct the full con-
text-label pattern (Fig. 1A). This allowed us to examine
how control over pathway recruitment shapes hippo-
campal representations and fear generalization.

The simulation was modeled on the Xu and Sudhof
(2013) paradigm, in which animals experience tone-
shock pairings in a specific context for three trials and
were later tested in: the training context, an altered but
similar context, and in response to the tone alone in the
altered context (Fig 1B). Empirically, PFC disruption se-
lectively reduced memory specificity: lesioned animals
showed intact freezing in the training context and tone
test, and overgeneralized the freezing behavior to the
altered context (Fig 1C).
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Figure 1: Model architecture, task structure and results. (A) MoE architecture. Trial-wise gating weights were ap-
plied to the MSP and TSP hidden states before integration into a shared latent representation, from which the final
outcome-label and environmental context outputs were reconstructed. (B) Xu and Sudhof (2013) experimental and
simulation protocol. (C) Xu and Sidhof (2013) experimental results: freezing across conditions and discrimination
index for control and lesion groups. (D) Xu and Sudhof (2013) simulation results: model freezing across conditions,
discrimination index, representational similarity between the shock-training and altered contexts, and MSP/TSP
recruitment across the pretraining to shock-training transition. (E) McKenzie et al. (2026) experimental results:
freezing and discrimination ratio across control and hippocampal lesion conditions. (F) McKenzie et al. (2026) sim-

ulation results.

The model was first pretrained on 100 similar context
vectors paired with a no-freeze outcome label, approxi-
mating a homogeneous safe home cage experience. It
was then trained on a single novel shock-context vector
paired with a freeze outcome label for three trials and
tested on vectors corresponding to the shock context, a
less similar altered context, and a tone-test context with
high similarity to the shock context (Fig. 1B). Freezing
was measured from the reconstructed outcome label,
with overgeneralization indexed as an indiscriminate
freezing response to the altered context. mPFC lesions
were implemented by clamping gating weights to equal
recruitment of both experts (a 0.5), inactivating
learned mPFC control. The simulation reproduced the
empirical pattern: the intact model preserved discrimi-
nation, while the lesioned model showed impaired dis-
crimination (Fig. 1D).

This behavioral effect was accompanied by a sharp
shift in pathway recruitment: During pretraining, learned
gating favored MSP, consistent with similarity among
safe contexts. Upon shock training, control models
showed a marked spike in TSP recruitment, whereas
this shift was fully attenuated under lesion, given the
clamped gating (Fig. 1D). Consequently, lesioned mod-
els showed greater representational overlap between

shock-training and altered contexts, explaining the be-
havioral overgeneralization as a failure of pattern sepa-
ration.

Our account predicts that TSP supports fear-memory
specificity by separating the shock context from similar
safe contexts. We therefore tested whether the model
could capture a pathway-specific dissociation predicted
by this mechanism. McKenzie et al. (2026) found that
disrupting TSP but not MSP impaired contextual dis-
crimination, consistent with our account (Fig. 1E). Our
simulation of their paradigm reproduced this dissocia-
tion: TSP lesions impaired discrimination, while MSP le-
sions preserved it (Fig. 1F).

Conclusion

Our model offers a novel mechanistic account of how
mPFC could learn to flexibly coordinate complementary
hippocampal pathways to support task-appropriate
memory use. In contextual fear conditioning, adaptive
gating promotes memory specificity by engaging TSP-
like pattern separation during encoding of novel, behav-
iorally significant contexts. This work provides a solu-
tion to how the brain may resolve competing demands
on memory through learned, dynamic control over hip-
pocampal representations.
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