How to build cognitive maps
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The hippocampal and entorhinal cognitive map
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But prefrontal cortex solves this problem in a different way
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Formalising relationships using graphs

Transition matrix Tj;
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The successor representation

The transition matrix says where
you’ll likely be in 1 step’s time

The successor representation says where
you’ll likely be over all future time steps

SR=I1+T+T*+T°+ ...

Often discounted so the sum converges
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Eigenvectors of the successor representation look grid cells
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Accounts for non-spatial brain representations too

Schapiro et al. (2015)
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But these sequences are not what the brain sees
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Representing abstract location and making conjunctive memories

Compose building blocks and Represent location in
form memories to know who is abstract structure
where in each family
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How do we do this and what on earth
will the representations look like?
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Does it work?
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TEM makes inferences because it has learned in similar structures
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How do these representations generalise?
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Remember that place cells are compositions of building blocks
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Remember that place cells are compositions of building blocks

OCe0® World 1 World 2

Hippocampal cells

4 )
are a conjunction of
% structural and sensory
representations

Building blocks are just in different
combinations in different worlds

Hippocampal cells should remap consistent with
their building block inputs
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Prediction: Grid cells control place cell remapping

Place cells locations are constrained by grid cells

Environment 1
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Prediction: Grid cells control place cell remapping
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Prediction: Grid cells control place cell remapping
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Representing more complex tasks



Lots of other hippocampal representations accounted for

Whittington et al., 2022, Nature Neuroscience
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Lots of other hippocampal representations accounted for

Simultaneous representation of spatial and task location
Sunet al.. 2020 Sun et al. place and lap cells - TEM place and lap cells

A _______________ .> ->I I|.II.II.I|.
AT ey
|—| ————— ->'|||
A1l !
|||I Ill
il II|'
! I:II
II<_I<' _____________ y'
l€ — — — — — — — — Yy
Iapl 2 3 4 >

Whittington et al., 2022, Nature Neuroscience



Lots of other hippocampal representations accounted for
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Lots of other hippocampal representations accounted for

Simultaneous representation of spatial and task location
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Side note: TEM is mathematically related to transformers
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Side note: TEM is mathematically related to transformers

TEM Model Transformer neural networks

are transformers related to hippocampal models?
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Puzzles of cognitive maps in the brain

How do different brain regions solve the same problem in different ways?
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These models don’t capture anything about prefrontal cortex
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Prefrontal cells represent the whole history at any given time
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Prefrontal cells represent the whole history at any given time

Xie et al., 2022
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Prefrontal cells represent the whole history at any given time

Xie et al., 2022

For sequence 5,2,6
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Prefrontal cells represent the whole history at any given time

Xie et al., 2022
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These neurons keep a memory of the past!



Recurrent neural networks have internal memory
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Recurrent neural networks have internal memory
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Recurrent neural networks have internal memory
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Recurrent neural networks have internal memory
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Recurrent neural networks have internal memory
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We want to understand the mechanism of these RNNSs!
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Hypothesis: Sequence working memory using neural
circuits of structured slots
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Different problems have different slot structure
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Do RNNs actually learn this mechanistic model?




Frist, RNNs can actually solve the task

Whittington et al., 2023, bioRxiv
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RNNs do use structured slots
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RNNs do use structured slots
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RNNs do use structured slots
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Does this match mechanistic interpretation match PFC data?



A slot based understanding unifies many representations in prefrontal cortex

Xie et al., 2022
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One stores memories in weights, and the other stores memories in neural activities
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