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This thesis investigates a circuit-level mechanism for working-memory impairment in early
Alzheimer’s disease. Building on a four-population local model of prefrontal cortex in
which amyloid-/ disrupts nicotinic acetylcholine receptors on specific interneuron classes,
we extend the framework to a ring-attractor architecture and ask how cell-type-specific
nAChR dysfunction degrades the stability and precision of persistent activity supporting
spatial working memory.



1 Introduction

1.1 Alzheimer’s disease

Alzheimer’s disease (AD) is a widespread neurodegenerative disorder with a high prevalence in
the elderly population, currently affecting over 50 million individuals worldwide (Breijyeh and
Karaman), 2020). In its early stages, the disease is primarily mediated by the medial temporal
lobe and manifests as a decline in episodic memory, while in later stages executive function and
attention become increasingly disrupted (Almkvist} [1996)). This underlines the involvement of
the prefrontal cortex (PFC) in AD-related cognitive decline (Flores-Martinez and Pena Ortega,
2017).

Working memory tests have been considered as one of the earliest and most reliable cognitive
markers of AD (Kirova et al., 2015). More recent work by |Perpetuini et al. (2020) has shown
that electrophysiological recordings during a working memory task can themselves serve as
a cognitive marker, underlining the link between the observed cognitive impairment and the
underlying circuit-level dysfunction.

While the symptoms and impairments in subjects’ lives are well documented, the underlying
circuit-level mechanisms remain poorly understood. As the review by [Corriveau-Lecavalier et al.
(2024) states, the relationship between AD pathology and cortical activity is complex and non-
monotonic, depending on disease stage, brain region, and severity, which makes establishing a
clear mechanistic link challenging. However, during the first stage of the disease, commonly
referred to as mild cognitive impairment (MCI), the consensus is that the prefrontal cortex
(PFC) exhibits a hyperactivation of neural activity. While our work does not aim to give a
stage- and region-specific account, we argue that focusing on the underlying mechanisms at the
neuronal level could provide a mechanistic explanation that would contribute to understanding
the global interactions with amyloid-8 (AS).

1.2 Amyloid-$ and nicotinic acetylcholine receptors

Among the molecular drivers of early AD pathology, AS peptides are the most studied and
the most therapeutically relevant. A accumulation precedes overt neurodegeneration by years,
and soluble oligomeric forms are now thought to cause the earliest synaptic and circuit-level ab-
normalities (Mila-Aloma et al., |2020)). The link between AS and those abnormalities is tightly
related to nicotinic acetylcholine receptors (nAChRs). In their review, Lombardo and Maskos
(2015) present evidence for this link, showing that AS can bind to nAChRs and disrupt their
function. They further underline the differences in binding affinity across nAChR subunit compo-
sitions, and discuss the therapeutic potential of ligands targeting specific subunit compositions.

The nAChRs are multimeric ligand-gated ion channels. In the cortex, two compositions
dominate: the homomeric a7 receptor, highly calcium-permeable and rapidly desensitising, and
the heteromeric 52-containing receptors (notably o452 and aba452), which show slower kinetics
and lower calcium permeability (Albuquerque et al.|2009)). These structural differences translate
into distinct interactions with ligands: a7 receptors have low agonist affinity and fast gating
kinetics, whereas a4832 receptors bind nicotine with high affinity and display slower channel
dynamics (Albuquerque et al., [2009). Af differentially affect both subtypes, with sensitivity
depending on its concentration and the receptor subunit composition (Albuquerque et al., [2009).

These subtypes are not uniformly distributed across interneuron classes: in layer IT/III
PFC, a5 receptors are enriched in VIP (vasoactive intestinal peptide-positive) interneurons,
a7-containing receptors dominate in PV (parvalbumin-positive) interneurons, and SOM
(somatostatin-positive) cells express both a7 and (2 subunits (Koukouli et al., [2025). This
cell-type-specific distribution provides a route through which AS-induced nAChR disruption
translates into interneuron-class-specific effects on cortical circuit dynamics.

A key anatomical fact is important to highlight: in layer II/IIT of mouse PFC, functional



nAChRs are effectively restricted to interneurons, not pyramidal cells (Poorthuis et al., [2013).
This implies that A5 cannot disrupt pyramidal firing directly through nAChR binding at those
layers, so its effects on excitatory activity should be mainly mediated by altered interneuron
drive. Because each interneuron population expresses a different subunit composition, the effects
of A on each of them are distinct, as previously discussed. Therefore, the impact of A3 on
pyramidal cells is complex. Consequently, any model of AS-induced WM impairment that aims
to give a precise mechanistic interpretation must explicitly represent the different interneuron
populations and their associated nAChRs.

Koukouli et al.| (2025]) take this stance directly: they build a four-population local rate model
of PFC (one excitatory pyramidal population (PYR) and three inhibitory classes (PV, SOM,
VIP)) whose connectivity and nAChR expression follow the biological patterns described above,
keeping it grounded in known physiology. Fitted to firing rates recorded in both wild-type and
APP-mouse (simulating Alzheimer’s disease) conditions, the model shows that WT-versus-APP
differences can be explained by local nAChR modulation alone, without invoking network-level
pathology.

1.3 Cortical interneurons: PV, SOM, and VIP

Explicitly representing these populations requires a clear characterisation of each class. Here
we follow the now-standard taxonomy of three main interneuron classes in mouse PFC:
parvalbumin-positive (PV), somatostatin-positive (SOM), and vasoactive intestinal peptide-
positive (VIP) cells (Tremblay et al. 2016]). Each class has distinct anatomical and functional
properties that shape its role in cortical computation.

PV interneurons are fast-spiking cells that target the perisomatic region of pyramidal neu-
rons (either the soma and proximal dendrites (basket cells) or the axon initial segment (chan-
delier cells)) exerting strong control over pyramidal spike generation (DRUGA et al., [2023).
Functionally, PV activity is often described as providing gain control or divisive-like inhibi-
tion over local excitation. Beyond their local reach, PV cells send horizontal axons across
adjacent columns, positioning them as a form of global inhibitor, regulating the overall excita-
tory/inhibitory ratio participating of stabilizing behavioral responses (Ferguson and Gaol, 2018)).

SOM interneurons are essentially Martinotti cells in the layer 2/3 of the PFC. They
are slower and target the distal dendrites of pyramidal cells, filtering incoming excitatory
drive in what is considered subtractive inhibition (Tremblay et al., [2016; Yavorska and Wehr,
2016). Their horizontal projections showcase their involvement in genuine lateral inhibition
between cortical columns: local pyramidal cells excite local SOM interneurons, which project
horizontally to inhibit pyramidal cells in neighbouring columns (Karnani et al., 2016|). This
PYR—SOM—neighbour-PYR motif is thought to be central to the selective sharpening of corti-
cal activity patterns and, by extension, may contribute to the sharpness and stability of localised
activity bumps in attractor networks.

VIP interneurons are also implicated in lateral inhibition (Karnani et al., |2016), and their
role, as mentioned before, is disinhibitory. Activation of VIP transiently silences SOM, releasing
pyramidal cells from dendritic filtering. VIP cells are also described as targets of top-down pro-
cesses supporting various cognitive functions (reinforcement signals, attention, ...) (Pi et al.,
2013)), placing them at the interface between cortical state modulation and circuit-level excitabil-

ity.



Two additional points matter for the modelling work that follows. First, the nAChR drive that
ApB disrupts is not delivered uniformly: each interneuron class receives a distinct combination
depending on the corresponding expression of a7 and [2-containing receptors. Second, the
three interneuron classes are not independent. PV and SOM cells inhibit each other, while VIP
cells inhibit both PV and SOM, creating multiple recursive interactions that shape the circuit’s
response to nAChR disruption and, by extension, the observed WM impairment.

1.4 Working memory and ring attractors

At the mechanistic level, WM is typically modelled as persistent delay-period activity mimicking
real working-memory tasks such as the oculomotor delayed response task. A population of
neurons maintains an elevated firing rate in the absence of any external cue, until that activity is
either read out or extinguished. The foundational computational accounts of this phenomenon
come from (Compte et al., 2000), who showed that networks with excitatory and inhibitory
populations can give rise to self-sustaining activity states encoding continuous variables such as
spatial location.

The canonical architecture for spatial WM is the ring attractor (Compte et al. (2000). It
consists of a set of local neural populations, each selective for a preferred spatial direction,
linked by distance-dependent recurrent connectivity, with short-range excitation and broader
inhibition. When properly tuned, such a network supports a localised “bump” of activity that
can be induced by a transient input.

Two features of ring attractors are critical for what follows. First, bump persistence relies on
a form of bistability: in the absence of external drive, the network must be able to sit in either
a quiescent state (no bump anywhere) or an active state (a bump at some location). Without
this, cues either fail to initiate activity or fail to be retained. Second, the architecture is a
network-level property: while local properties manipulate the dynamics of individual columns,
the spatial structure and stability of the bump are emergent properties of the coupled system.

1.5 Bistability and its mechanistic origins

Bistability is the coexistence of two stable fixed points at a given set of parameters. It is
considered to be the mathematical substrate of persistent memory [Zylberberg and Strowbridge
(2017). A transient cue flips the system from a “low” resting state to a “high” active state, and
the network then self-sustains in the active state until a reset signal (or intrinsic relaxation)
returns it to rest. The empirical signature in cortex is the observation of distinct low- and
high-activity regimes in delay-task recordings (Sreenivasan and D’Esposito, 2019)).

In a model of neural population where firing rates evolve according to dynamical equations,
bistability can be obtained by a positive-feedback loop whose gain is a saturating function of
activity. The saturation can enter either at the output, as a sigmoid ceiling on the transfer
function, or at the synapse, as a gating variable whose saturation is bounded between zero and
one. Each route has precedent in the literature, with |Papasavvas et al. (2015)) taking the former
and Wong and Wang| (2006]) the latter. The sigmoid ceiling is phenomenological: saturation
parameters are tuned to fit data, with no principled link to underlying receptor kinetics. The
NMDA-gating approach is biologically grounded: the saturation arises from the fraction of
NMDA channels open at steady state, a quantity directly computable from synaptic physiology.
For PFC WM specifically, thought to depend on NMDA receptors (Wang et al., 2013)), the
gating-variable approach offers a more direct mechanistic interpretation.

Two distinctions can be made in our context of ring-attractor bistability. Local bistability
refers to the ability of a single column, in isolation, to support both low and high stable firing
rates. Network bistability refers to the ability of the coupled ring to support a stable bump
of activity, which may or may not be underpinned by local bistability at the single-node level
(see (Camperi and Wang), [1998)).



Which of the two scenarios, local or network bistability, actually applies in cortex remains an
open empirical question (Zylberberg and Strowbridgel, 2017). Empirically, single-cell recordings
showing intrinsic stimulus-locked persistent firing in the absence of synaptic input demonstrate
that local mechanisms can in principle sustain elevated activity (Egorov et al., 2002), though
whether such mechanisms operate in vivo in PFC remains unresolved (Zylberberg and Strow-
bridgel [2017).

1.6 Gap and research question

The aim of this thesis is to extend the Koukouli et al.| (2025) model introduced above. This model
provides the biological detail, with three interneuron classes and cell-type-specific nAChR drive,
but no spatial architecture. Standard ring attractors provide the spatial architecture for WM
but collapse inhibition into a single population, losing the interneuron resolution that makes A3
effects interpretable. We aim to bridge this gap by embedding the local circuit into a ring that
preserves the interneuron structure, and to ask whether local Af-induced nAChR disruption
translates into WM deficits at the network level.

Research question. Can a biologically grounded local cortical circuit embedded in a ring-
attractor architecture produce stable working-memory dynamics? Does AS-simulated nAChR
disruption selectively impair them?

Objectives.

e Build a ring-attractor model with Gaussian PYR—PYR lateral excitation and interneuron-
mediated inhibition that sustains a self-maintained activity bump during a delay period,
with population resting-state rates matching biological data.

e Characterise how Af-induced nAChR disruption affects the network’s ability to form and
sustain a bump of activity, and to interpret the results in terms of the underlying circuit
mechanisms.



2 Methods

The original plan, as outlined in our pre-registration (Appendix , was to take the fitted Kouk-
ouli model, embed it directly in a ring architecture, and probe WM performance under nAChR
disruption. An attempt to extend the original code, however, revealed several discrepancies
between the implementation and the published equations, and restarting from the paper’s spec-
ification alone did not reproduce the reported fits. The model described below was therefore
built from first principles, following the previously described biological constraints and the gen-
eral architecture of the original model, but with a revised transfer function to make bistability
achievable and using available firing-rate data as fitting targets. We also needed to develop an
optimisation procedure to fit the model parameters to the data, which is not trivial given the
need to enforce bistability while fitting both low and high states. The following sections describe
the model and the fitting procedure in detail.

2.1 Overview of the population model

Each cortical column is represented by four rate-based populations: excitatory pyramidal neu-
rons (PYR) and three inhibitory interneuron classes (PV, SOM, VIP). Each population i is
characterised by a single time-varying firing rate r;(t), updated according to a Wilson-Cowan-
like equation:

77 (t) = —ri(t) + ;(17(1)), (1)

where 7; is the membrane time constant of population i, ®; is its input-output transfer function,
and I°*(¢) is the net synaptic current integrating excitatory and inhibitory inputs together with
external drive and, for PYR, a slow adaptation term.

The local connectivity graph follows the Koukouli taxonomy. PYR receives recurrent self-
excitation and inhibition from PV (perisomatic) and SOM (dendritic). PV receives excitation
from PYR and cross-inhibition from VIP. SOM receives excitation from PYR and strong dis-
inhibition from VIP. VIP receives excitation from PYR and modest cross-inhibition. All four
populations additionally receive an external current I? and, for interneurons, a cell-type-specific
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Figure 1: Schematic of the local circuit architecture from Koukouli (2025).

2.2 From the Koukouli (2025) equation to ours

The starting point is the original [Koukouli et al.| (2025) formulation, which uses a Wong-Wang-
type transfer function for each population and treats GABAergic inhibition to PYR in two
distinct ways depending on the source.



Divisive versus subtractive inhibition. Indeed, PV-mediated inhibition is modelled as
divisive, acting on the gain of the pyramidal input-output curve rather than shifting its threshold.
This is motivated by the perisomatic targeting of PV synapses, which controls the output gain of
pyramidal cells without preferentially cancelling specific dendritic inputs (El-Boustani and Sur),
2014). SOM-mediated inhibition, by contrast, is modelled as subtractive: dendritic-targeting
SOM synapses subtract from the net excitatory input integrated at the soma.
The pyramidal net input takes the form
IS%}R _ Wee TPYR — Wse 'SOM + IgYR + Igti?Rpt, (2)
1+ gaABA Wpe TPV

where the denominator 14 ggapa Wpe rpy implements the divisive effect of PV activity (with wpe
the PYR—PV weight and ggapa a global GABAergic gain), and I, g%ifg is a slow hyperpolarising
adaptation current with its own dynamics (see Section . Interneuron inputs follow the same
additive form but without the divisive denominator (see the full equations in Appendix .
Throughout the rest of the thesis, weights are denoted wj;;, where ¢ is the source and j the
target population.

The Wong-Wang transfer function. FEach population uses the standard Wong-Wang input-
output curve (Wong and Wang), 2006),

1 —exp(—g; u;)’

®;(1) ui = o (I —0;), (3)
with population-specific parameters (a;,6;, ;). This function is smooth, approximately linear
for large I, and has a well-defined zero at I = 6;. Crucially, it does not saturate: as I — oo,
®;(I) — i (I —6;), which grows without bound. The parameters are fitted to a leaky integrate-
and-fire model with biologically realistic synaptic dynamics, and therefore admit a mechanistic
interpretation in terms of underlying biophysics (Wong and Wang, [2006). This is the main
motivation for using this transfer function. In the original Koukouli formulation, however,
the fast-synapse approximation S = 77 linearises the NMDA gating variable, removing the fold
from the PYR nullcline and making bistability structurally unachievable regardless of parameter
tuning. We address this directly in Section by reintroducing the full NMDA gating variable
on the PYR—PYR recurrence.
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Figure 2: PYR transfer function ®pyg (7).



Adaptation on PYR. A slow hyperpolarising current is added to the pyramidal population,
with dynamics:

TR [BSRY = — IR — GodaptTPYR, (4)
where TpyR is the adaptation time constant. While the time-constant value is fixed based on
known characteristics of the population, the adaptation strength gaqapt is a free parameter. Here
we use 7pyr = 600 ms for PYR, the value used in previous work (Koukouli et al., 2025) and
originally taken from (Destexhe, 2009). This models the activity-dependent hyperpolarisation
observed in pyramidal neurons (Sanchez-Vives et al., 2000).

External and nicotinic drive. Each population receives a constant external current IY. In-
terneurons additionally receive a nAChR drive IZ-ACh that represents the cholinergic tone filtered
through the subunit composition specific to that cell class. This is the channel through which
Ap is modelled to exert its effect (Koukouli et al., 2025).

2.3 Bistability and saturation: fix on transfer function

The formulation in the previous subsection cannot support bistability at the single-node level.
This section explains why, reviews the two candidate fixes, and justifies the choice made.

The problem: a missing saturation. The PYR nullcline, defined by r* = ®pyg (1" (r*)),
can support two stable fixed points only if the function F(r) = ®pyg([™*(r)) — r crosses zero
at least three times, producing the sign pattern +, —, +, — along the sweep. This requires the
right-hand side ®pyg(I"*(r)) to fold: to increase, then flatten (or decrease), then increase
again. In the Wong-Wang formulation above, I™®*(r) grows roughly linearly with r via the
WeeTPYR term, ®pyr is monotonic, and no intrinsic saturation bounds the recurrent excitation.
The result ®pyg(I"**(r)) is therefore monotonically increasing and cannot fold. Bistability is
therefore structurally impossible in this formulation: it is the shape of the equations, not the
parameter values, that rules it out. We only consider local connections here. In principle,
the ring coupling could create the fold at the network level, but this is a distinct mechanism
(introduced in Section , and our parameter searches failed to produce such a fold, suggesting
that the ring coupling alone is not sufficient.

Option 1 (Papassavas lineage): bounded sigmoid on every population. One resolu-
tion, used in previous work by |Papasavvas et al.|(2015), is to replace the Wong-Wang transfer
function with an explicit sigmoid that saturates at a maximum rate r;***. This produces bista-
bility robustly, as shown in (Rooy et al. 2021)). The difficulty is that the saturation parameter
is phenomenological: it is not derived from any biophysical quantity, and the choice of ceiling,
slope, and half-activation is effectively arbitrary. While this approach works mechanically, it
sacrifices the biophysical interpretability that motivated the Koukouli formulation in the first
place.

Option 2 (adopted): NMDA gating on PYR—PYR. The alternative, following Wong
and Wang (2006)), is to reintroduce the slow NMDA gating variable S(¢) on the pyramidal
recurrent connection. The full equation reads

DA S(E) = =S(t) + y[1 = S(t)]rpyr(2), (5)
whose steady-state solution is the saturating function

* YTNMDAT
S = 6
(r) 1+ y7"NMDAT (©)



The pyramidal net input then becomes

‘ d
Jxmpa S*(rpyR) — wse TsoM + [pyg + Ipyh. (7)

Inet
)
1+ gcaBa Wpe TPV

PYR —

where Jympa replaces wee as the recurrent excitatory strength. With 7nypa = 100 ms and
~v = 0.641 fixed at canonical values (Wong and Wang,,|2006), Jxympa becomes the free recurrent-
coupling parameter.

This change is both minimal and biologically grounded. It adds one dynamical variable and
replaces one parameter, while introducing a biologically documented mechanism. The resulting
S*(r) introduces exactly the saturation needed to create a fold in the PYR nullcline, and enables
genuine single-node bistability in the fitted circuit. Note that this change effectively sets a cap
on the input received by the pyramidal population: this cap is given by Jnwypa, which sets the
maximum contribution of the recurrent excitation (when S* — 1). This value will be fitted

during the optimisation.

Interneuron saturation: hyperbolic soft ceiling. The NMDA gating mechanism is spe-
cific to PYR—PYR recurrence mediated by NMDA receptors and cannot be applied to the
interneuron populations, whose outputs are GABAergic and whose inputs are dominated by
fast AMPA receptors. To prevent pathological runaway firing in PV, SOM, and VIP during
optimisation a hyperbolic soft ceiling is applied post-hoc to the Wong-Wang transfer function

for each interneuron population X:

X X
X _ Thax * @ (I)
(I)capped(I) - rr)rgax + (I)X(I) : (8)

This form leaves the low-rate regime unchanged (®capped & ® when ® < r:X,.) and asymp-

X at high inputs. Ceiling values are set to 2x the Rooy high-state target

totes smoothly to 77,
for each population, yielding V. = rSOM = 70 Hz and rYII' = 137 Hz. This choice is internally

consistent: the same dataset that defines the optimisation targets also defines the ceilings, and
the 2x factor guarantees that the full physiologically observed operating range remains uncon-
strained. This ceiling approach is admittedly phenomenological. Unlike the NMDA saturation,
it is nonetheless derived from biological data in order to stay as close as possible to biological
reality. Possible mechanistic adaptations of the model are discussed later (see the .

Interneuron transfer functions: original vs. soft-ceiling
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Figure 3: Interneuron transfer functions with (solid) and without (dashed) the hyperbolic soft
ceiling, for SOM, PV, and VIP.



2.4 Ring architecture

To address the research question, we embed the local circuit in a ring of N columns arranged
on a circle with angular spacing Af = 27/N. Each node carries a full four-population local
circuit. The ring connectivity is derived from the single-node fitted weights via a row-sum
principle: at the homogeneous fixed point (all nodes firing identically), the total synaptic drive
onto any population must equal the value produced by the single-node circuit. Any spatially
distributed weight matrix that is row-sum normalised to the fitted scalar satisfies this constraint
exactly, so resting-state firing rates, KO conditions, and single-node bistability are all preserved
by construction. The spatial distribution of that total drive is then determined by the kernel
shape specific to the known connectivity of each interneuron class.

PYR—PYR: unified Gaussian kernel including self-weight. All pyramidal recurrent
excitation, both local and inter-columnar, is carried by a single Gaussian weight matrix with a
non-zero diagonal:

d(Oy, 00)*

PYR ks Ye PYR fitted

Wie ™ o< exp <— 5 5 ; > Wit = Ja 9)
9PYR 7

where d(0y, 0;) is the angular distance and opyr = 15°. Each row is normalised to JgﬁegA, and

the diagonal entry W,kaR is the Gaussian evaluated at distance zero, replacing the separate local

recurrence term. The NMDA drive to column k£ becomes a weighted sum over all columns:

PYR oNMDA
> oWt sy

PYR,NMDA 7

Ik =

: (10)
1+ ggasa »_ Wi rpV
¢

where S%\IMDA is the NMDA gating variable of node ¢ (one scalar per node, since Sjy = S;). This
short-range excitatory kernel is the standard mechanism by which bump locality is produced in
ring attractors (Compte et al., 2000)).

PV—PYR: uniform fully divisive inhibition. PV axons project broadly across cortex and
produce perisomatic shunting inhibition, which is divisive regardless of whether the PV soma
is local or distal. All PV—=PYR inhibition (including the local column’s own PV population)
therefore enters the divisive denominator via a flat uniform kernel over all N columns:

wﬁtted
wiY = f”T for all ¢, (11)

row-sum normalised to w;lgted.

SOM—PYR: annular lateral inhibition. SOM interneurons receive input from the local
pyramidal population but project their inhibitory output to neighbouring columns, realising
the motif PYR; — SOMj, — PYR/»;. Crucially, this lateral inhibition should peak outside
the PYR excitatory zone rather than at the source column itself. We therefore use an annular
(offset) Gaussian kernel whose peak is displaced from zero by usowm:

d(0x, 6¢) — usom)? o
Wi o exp(—( : 5 ) SOV e ny, S WEM = wfted (12)
930M 04k

with usom = 3opyr = 45° and ogon = 15°. Because d(0y, 6;) is always non-negative, the kernel
creates two symmetric inhibitory lobes on the two sides of the active column, both peaking at



angular distance pusom (Figure. Setting usom = 3opyr places the lobes just beyond the edge
of the PYR excitation zone (which concentrates most of its weight within ~ 2opyr = 30°). The
diagonal is explicitly zeroed (no self-inhibition), so each column’s SOM population suppresses its
neighbours rather than itself. This is not a standard kernel in the ring-attractor literature, but
it is motivated by the known connectivity of SOM interneurons and provides a lateral-inhibition
mechanism that is distinct from the global divisive inhibition of PV.

It is important to note here that the fitted weight wfif**d comes from the single-node fit,
which has different connectivity (local inhibition) than the ring model (lateral inhibition). This
connectivity should therefore be regarded as exploratory rather than fully validated. We compare

results with and without this ring connectivity in the Results section.

Weight normalisation. All inter-columnar kernels are row-sum normalised to the corre-
sponding single-node fitted scalar, ensuring that homogeneous fixed-point firing rates are pre-
served exactly for any ring size N and kernel width.

2.5 Data and fitting targets

Two data sources are used.

Koukouli receptor desensitisation data. We take from Koukouli et al.| (2025) the percent-
age reduction in nAChR-mediated current in the APP mouse compared to wild type (given in
Appendix . These deactivation percentages are applied as multiplicative scaling factors on
the corresponding nAChR drive parameters (Io7,pv, Ia7,50M, {52,50M, Las vip) to simulate the
effect of A3 accumulation on the ring model (Section [3.6]). The firing-rate data from the same
experiments are not used as fitting targets: all rate targets are drawn from the Rooy dataset
described below.

Rooy high-vs-low state rates. Because the Koukouli averages cannot serve as valid low-
state targets in a bistable fit without a mixture model (Obstacle 3 above), the low- and high-state
targets are drawn from Rooy et al. (2021), which explicitly separates spontaneous and active
regimes for each population:

Population Low state (Hz) High state (Hz)

PYR 1.75 60.2
SOM 1.12 35.2
PV 1.04 35.3
VIP 1.33 68.8

Tension between the two data sources. The Koukouli data quantify condition-specific
differences (WT vs APP vs KO) that are essential for the AD question, while the Rooy data
resolve the low /high-state structure needed for bistability. There is no single dataset providing
both. The practical consequence is that our bistable fits use Rooy targets, and the bridge back
to AD is made post-hoc through nAChR-drive perturbations applied to the Rooy-fitted model.
We flag this as a central limitation, discussed in the

2.6 Loss functions

To fit the model parameters such that they both allow for bistability and match the target rates,
we use a machine-learning approach. We define a loss function that shapes the loss landscape
to enforce the bistable sign pattern while fitting both low and high states.

10



Lyistan: adaptive sign-pattern enforcement (weight wpista = 5.0).  The loss operates on
F(r) = ®pyr(I™°*(r)) — r along a sweep r € [0,80] Hz, and enforces the four-segment pattern
+, —, +, — characteristic of bistability through four additive sub-terms:

« Adaptive low-basin positivity. The first down-crossing of F' locates the actual low fixed
point i, which need to match the target. F' is required to remain positive throughout
[0,75,], with the penalty scaled by (1 + |rf,, — 78| /r 28" so that a misplaced FP
incurs both a shape penalty and an implicit rate-matching penalty. This adaptive scaling

couples the shape term and the rate term in a way that a fixed-probe penalty cannot.

o Valley. F' must go negative somewhere after the low FP. Penalty relu(minr>rl>kow F), zero
as soon as any valley exists.

« Windowed high-basin positivity. F' must rise back above a margin (1 Hz by default)
somewhere in the window [0.7,1.0] x rpon®2 ~ [42,60] Hz. The upper bound is 1.0x
(not above) because the high basin is strictly the ascending region before the high FP:
above the FP, I is negative by definition and is covered by the tail term. Using a windowed
rather than global maximum prevents spurious low-rate crossings (e.g. a second zero at
17 Hz) from trivially satisfying the bistability check.

e Tail. F must be negative in the top 15% of the sweep, ensuring the high FP is stable and
doesn’t drift upwards indefinitely. We set the threshold at 15% rather than depending to
the high target to have a loss even without a valid high FP.

The full loss is Lyistab = Liow—basin + Lvalley + Lhigh—basin + Ltail, Which is zero if the complete
+, —,+, — pattern is satisfied with the low FP close to target.

Lyate: low-FP rate matching (weight wy,e = 1.0). At the lowest stable fixed point, the
squared relative error across all four populations:

T’low _ rlow,target 2
_ 7 7
Lirate = Z Tlow,target : <13)

i€{PYR,SOM,PV,VIP} i

This mean-squared percentage error (MSPE) penalises relative rather than absolute deviations,
which is biologically appropriate: a 1 Hz error on a 1.75 Hz target matters more than a 1 Hz
error on a 60 Hz target.

Liate nigh: high-FP rate matching (weight wate high = 1.5). Symmetric to Lyate but eval-
uated at the highest stable fixed point, with Rooy high-state targets. When the model is
monostable, there is no second stable FP and the term is set to zero. The bistability penalty
Lypistab already exerts strong pressure to recover the high state, and a phantom high-FP penalty
would produce a misleading gradient.

Liargin: fixed-point separation (weight Wmargin = 2.0). A minimum 15 Hz separation
between the two stable fixed points is enforced via Lmargin = relu(Armin — (rhigh _ plow)) " YWhen
monostable, the term takes a fixed penalty of 30. Without this term the optimiser can satisfy
the sign-pattern check with marginally separated fixed points that are functionally useless for
WM.

Lijac: Jacobian regulariser (weight wj,. = 0.1). The 4 x 4 Jacobian of the local circuit
is evaluated at the low fixed point, and entries exceeding 5 in absolute value are penalised:
Ljac = relu(max;; |.J;j| — 5)%. This prevents the optimiser from finding bistability via a single
implausibly dominant pathway rather than the intended distributed disinhibitory circuit. The
computation of this Jacobian is detailed in Appendix
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Lpcar: nullcline peak penalty (weight wpea = 0, off by default). Caps the maximum of
(1 (r)) below a threshold rpeak max to limit the overshoot during cue-driven transitions. Not
used in the reported runs, but available as an optional constraint.

Total loss.

Liotal = Whistab Lbistab + Wrate Lrate + wrate,higerate,high + wmargianargin + wjachac + wpeakLpeak-
(14)

2.7 Ring-level metrics for working-memory performance

Ring simulations are evaluated against a set of WM-relevant metrics computed over a task
consisting of a pre-cue period, a cue of duration Tcue at a chosen angular location, and a delay
period.

Bump formation and cue response. A bump is defined by thresholding the peak PYR
activity across the ring. The fractions delay_bump_frac represent the fraction of the delay
period during which a bump is present.

Distractor robustness. A secondary cue at a different angular location is presented during
the delay, and the bump’s response (shift, split, or retention) is quantified.

2.8 Simulation and optimisation pipeline

Numerical integration. Dynamics are integrated with a forward Euler scheme at At =
0.1 ms, implemented in Python with Numba just-in-time compilation Lam et al.| (2015)).

Optimisation. Parameter fitting proceeds in two stages. In the first stage, the single-node loss
Liota1 is minimised over all local weight parameters using the non-gradient-based “TwoPointsDE”
(Two-Points Differential Evolution) optimiser. The output of this stage is a set of fitted scalars
(all the currents and conductances for each population and nicotinic receptor, together with
Jhitted w{j;ted, whttd and the remaining local weights) that define the target row-sums for
the ring kernels. In the second stage, these scalars are transferred to the ring via the row-sum
normalisation described in Section No additional optimisation is performed. The only
structural free parameters introduced at the ring level are the Gaussian widths opyr = osom =
15°, which are fixed rather than fitted.

Noise. Stochastic input is injected into all four populations X € {PYR,SOM, PV, VIP} at
each node 7 as an additive current term anoisele)f(t -£i(t), where opoise is a dimensionless amplitude
(default 0.3) and I, is the population’s baseline external drive. All four populations at a given
node share the same amplitude of &;(¢) at the same timestep, so variability is correlated across
populations but the total amplitude scales with the population’s own drive. Two processes are
supported: (i) white Gaussian noise, &(t) ~ N(0, 1) i.i.d. across nodes and integration steps, and
(ii) Ornstein-Uhlenbeck noise, d§; = —&;/Tnoise At + \/2/Tnoise dW;, which introduces a temporal
correlation Tyeise and is the natural diffusion limit of Poisson spiking input (Smith, [2010)).

2.9 Parameter bounds and weight units

Units. Synaptic weights w;; have units of nA/Hz: multiplied by a presynaptic rate (Hz)
they give a current in nA that enters ®;. External drives I? and nAChR currents IZ-ACh are
in nA directly. Adaptation strengths Jyqapt are also nA/Hz. The exception is Jxmpa, in nA:
it multiplies the dimensionless gating variable S*(r) € [0, 1], which saturates to ~ 1 at any
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physiological firing rate, so Jnmpa effectively sets a constant ceiling on recurrent excitatory
current.

Role of the bounds. The search bounds listed in Table [1|serve primarily to keep the optimi-
sation in the right region, not to encode strong biological priors. Without bounds, optimization
could reach unrealistic values. Bounds prevent this by keeping every pathway in a range where
it can plausibly interact with the others.

As the units are consistent, we can estimate the order of magnitude of the weights from
the target firing rates and the transfer-function shape. For example, with a PYR high-state
target of 60.2 Hz and the Wong-Wang slope o = 310 Hz/nA, the total net input needed is
O¢ + r/ae ~ 0.40 + 0.19 ~ 0.60 nA. Similarly, for PV at its target of 35.3 Hz: ©; + r/a; ~
0.29 + 0.06 ~ 0.35 nA. This gives insight into the order of magnitude of the currents, and
consequently of the weights, by relating them to the firing rates of the presynaptic populations.

Group Parameter Lo Init Hi Mode Unit
Adaptation strength  Jaqapt, PYR 0.001 0.002 0.2 log nA/Hz

: 9JGABA base 0.1 1.0 5.0 lin —
GABA gain Gor 01 01 50 lin -
JNMDA 0.05 0.3 2.0 10g nA
Wep, Wes, Wey ~ 0.001  0.002  0.05 log nA/Hz
Wpe 0.001 0.002 0.05 log nA/Hz
Wy 0.001 0.002 0.05 log nA/Hz
Synaptic weights Wee, Wsp 0.001 0.002 0.05 log nA/Hz
Woyp, W 0.001 0.002 0.05 log nA/Hz
. IByr 0.0l 044 15 lin nA
External drives 10, 00l 035 06 lin nA
oum 001 035 06 lin nA
I{),IP 0.01 0.35 0.6 lin nA
Ia7.pv 001 020 05 lin nA
To7.50M 001 020 05 lin nA
nAChR currents Ipssom 0.0l 020 05 lin nA
Ia57\/1p 0.01 0.20 0.5 lin nA

Table 1: Optimisation search bounds.
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3 Results

3.1 Fitting result: single-node bistable optimisation

The optimiser minimises the composite loss Liotar (Section over the full parameter space.
As shown in Figure [4] there is a rapid early decrease, reflecting the optimiser’s discovery of a
bistable state (Lpistab — 0), followed by a slower tail corresponding to the joint minimisation of
the rate-matching terms L;ate and Lyate high-

The optimiser converges to a solution early (around 3000 iterations), with a non-negligible
total loss that we analyse in the next section.

Total loss evolution Loss components (stacked)

B Rate

= Jacobian

10% 4 103 4 Bistability
Margin

Rate high FP

Total loss
1
Ci.
Loss (stacked components)

T T T T T T
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Optimisation step Optimisation step

Figure 4: Loss evolution during optimisation.

The evolution of each individual loss component, and their relative contributions to the
total loss, confirms the interpretation above: Ly;gap, dominates the early phase, while Liate and
Liate high dominate the later phase. The margin loss Liargin is zero after bistability is achieved,
which confirms that the fixed points are well separated.

The final fitted parameters are given in Appendix [E] Notably, none of the fitted values reach
either the lower or the upper bound, which indicates that the bounds are in a reasonable range
and that the optimiser is not constrained by them.

3.2 SOM extinction at the high fixed point

As previously mentioned, the optimiser converges to a solution with a non-zero loss, which
indicates that not all conditions are satisfied. The most striking deviation from the targets is
the complete silencing of SOM in the high state: the fitted firing rate is 0 Hz compared to a
target of 35.2Hz (Table [2).

Population Low-FP (Hz) Target low (Hz) High-FP (Hz) Target high (Hz)

PYR 0.37 1.75 50.12 60.20
SOM 1.44 1.12 0.00 35.20
PV 0.98 1.04 29.42 35.30
VIP 1.65 1.33 73.07 68.80

Table 2: Fixed-point firing rates at the fitted optimum compared with Rooy (2021) targets.

Looking at the mechanisms underlying the fitted solution, we find that the VIP—-SOM
disinhibitory pathway is strong compared to the VIP—PV pathway. This means that, in the
high state, VIP strongly suppresses SOM, which in turn releases PYR from inhibition and allows
it to reach the high firing rate, while PV inhibits PYR to regulate its high state. There is strong
pressure here to achieve bistability, and the optimiser finds a solution that uses VIP to silence
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SOM in the high state. Whether this solution is biologically plausible is an open question. The
VIP—SOM pathway is indeed a key disinhibitory motif in cortex, as previously mentioned in
the Introduction (see (Karnani et al., |2016))). However, the complete silencing of SOM in the
high state is not consistent with the Rooy data, which show a significant increase from low to
high state.

Two non-mutually-exclusive explanations can be proposed. First, the local circuit may be
structurally incomplete: in vivo, additional interneuron classes or inter-layer connections might
prevent total VIP-mediated SOM silencing in the high state. Second, the columnar topology
provides a geometric explanation: we know from the literature that SOM cells receive input from
the local pyramidal population and project their output to neighbouring columns. A column
in the high state therefore silences its neighbours’ SOM, not its own. The SOM rate observed
locally at the high fixed point may thus reflect the SOM of the columns projecting into the
active column, which are necessarily in the low state. Both hypotheses are developed further in
the

An independent random parameter search over the same bounds (Appendix @ partially
rules out a loss-landscape artefact: SOM silencing is the dominant outcome across random
bistable hits, and no random sample reaches a high state with both SOM and PV at biologically
plausible rates. The optimiser should therefore be operating in a landscape where the only way
to achieve bistability is through SOM silencing.

3.3 The optimised nullcline exhibits genuine bistability

PYR Nulicline — WT — bistable_params

= Phi_PYR(I_net) BISTABLE
—=- Identity line =

80

70 Clamp artifact region
@ stable fixed point
O Unstable fixed point
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Figure 5: PYR nullcline at the fitted optimum.

While the network does not fully match the experimental observations, we can still verify
that the fitted parameters produce a genuine bistable configuration. Figure [5| shows the PYR
nullcline F'(r) = ®pyg (1™ (r)) —r at the fitted optimum. The function exhibits the required sign
pattern (4, —, +, —): two stable fixed points at approximately 0.4 Hz and 50 Hz are separated by
an unstable branch, confirming that our machine-learning approach successfully found a bistable
configuration. The low FP lies below the target of 1.75Hz, while the high FP is close to the
target of 60.2Hz. This nearly silent low point is interesting, and could be explained by the
absence of noise in our optimisation procedure. Indeed, noise would likely push the system
transiently out of the low state, so the average low-state rate observed in simulation would be
higher than the deterministic low FP. We return to this point in the it could be
addressed by including noise in the optimisation procedure, which is currently not done.

The result is notable: the loss function, designed purely from abstract geometric require-
ments on F(r), recovers a biophysically grounded bistable circuit without requiring further
fine-tuning. However, such an approach is likely to produce a degenerate solution space, with
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multiple parameter sets producing the same nullcline shape. We discuss this point further in

the [Discussionl

3.4 Single-node stochastic dynamics

To verify that the nullcline result above carries over to a stochastically driven bistable network,
we run simulations of the single-node model under stochastic input and a transient cue, sweeping
over multiple noise levels and cue amplitudes. We observe that the fitted parameters can indeed
support a cue-triggered switch from the low to the high state, and we characterise the set of
noise and cue conditions for which this occurs.

Heatmap of network state for varying noise and amplitude (ou noise)

Circuit Model Simulation (noise=ou, 0=0.1) [T1: 1000-1500 ms, x+0.40]
Al Populations
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(a) Representative single-node simulation under  (b) State classification heatmap for the single-node
OU noise (¢ = 0.05) and a transient cue (Agye =  OU sweep.
0.3).

Figure 6: Single-node transient-response results.

Figure [6a] shows a representative run, while Figure [6b] summarises the sweep. While noise
mainly saturates the circuit when it is too high, a moderate amount is in fact necessary to
stabilise the network in the low state: with o = 0.0, the circuit is saturated (see the heatmap
in Figure [6b] and the corresponding example in Appendix [12). We can also note that the noise
level changes the cue amplitude required to trigger the switch, with higher noise requiring a
higher cue amplitude. We discuss this point further in the noise would help inhibit
the network overall, and would therefore participate in stabilising the low state.

3.5 Ring attractor dynamics

Having established that the fitted parameters can reproduce a sustained high state at the single-
node level and in a noisy environment, we now move on to the multi-columnar architecture
defined earlier in order to determine whether it supports a spatially localised bump. We com-
pare the no-SOM control with a Gaussian SOM kernel (see the SOM connectivity diagram in
Appendix [L1]).

First, we focus on the structure without SOM lateral inhibition (Figure m): we observe the
same behaviour as in the single-node case, with a cue-triggered transition to a high-activity
state. The influence of each parameter (noise level and cue amplitude) is also very close to
the single-node case, with higher noise and lower cue amplitude leading to more silent runs.
However, we do not observe the ¢ = 0.0 saturation effect seen in the single-node case, which
is interesting and could be explained by the fact that, since each column’s activity inhibits the
whole network, the ring architecture itself stabilises the activity.
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Wild Type -- amp=0.7x, o_pyr=15°, o_som=15°, g=0.1
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Figure 7: Ring simulation without lateral SOM inhibition.

The bump we obtain is very clear and stable despite the noise, and the heatmap shows the
same pattern as in the single-node case (see Appendix. Spatially, the bump does not spread
at all, which is expected from the architecture’s discrete distinction between the active and the
low state. However, this does not align with the behavioural data, which show a more spread-out
bump. We discuss this point further in the

Heatmap of network state for varying noise and amplitude (ou noise)
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Figure 8: State classification heatmap for the ring simulation with Gaussian SOM inhibition.

We now turn to our previously defined SOM lateral-inhibition architecture. As shown in the
heatmap (Figure , almost no setting allows the network to form a genuine bump: it is either
silent, saturated, or the bump fails to localise, drifts and spreads across the ring, eventually
leading to a fully saturated network (see Appendix [14] for an example of this behaviour). This
is a disappointing result, but one point in the heatmap does show a bump. Figure [9] examines
this case more closely and confirms the presence of a bump. While this is a promising sign that
the architecture can support a genuinely localised ring response, the fact that it only occurs in a
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very narrow parameter range is concerning and suggests that the solution is not robust. Recall
that the single-node fit produces a high state in which SOM is fully silenced (Section . On
the ring, this means that an active column delivers very little SOM-mediated inhibition to its
neighbours, which could explain why the lateral inhibition does not appear strong enough to
restrain the bump. We discuss this point further in the
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Figure 9: Example run from the SOM Gaussian sweep.

3.6 Towards the AD application: nAChR deactivation
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Figure 10: 2D heatmap of the ring simulation under nAChR deactivation.

Here, we attempt to bridge back to the AD question by applying nAChR-drive perturbations
to the fitted ring model, simulating the effects of APP accumulation on the local circuit. We use
data from Koukouli et al.|(2025) to set the deactivation percentages for each nAChR subtype and
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target population, and observe the resulting changes in the ring dynamics. While the method
is correct, there are strong caveats in our context: the fitted nAChR drive may not represent
the actual nAChR drive in vivo, and one might also expect the network to adapt its weights
when disrupted. We discuss these limitations in the and propose future directions to
address them. That said, Figure [10] shows that nAChR deactivation drives the network into a
saturated regime, in every combination of noise and cue amplitude.

4 Discussion

Summary of findings. Starting from the local circuit of Koukouli et al.| (2025)), we iden-
tified that the published equations cannot support single-node bistability and introduced an
NMDA gating variable on the PYR—PYR connection, restoring the saturation needed to fold
the nullcline. We built a loss-driven optimisation that successfully located parameters produc-
ing a genuine bistable configuration with two well-separated stable fixed points (Section .
The corresponding single-node circuit supports a cue-triggered switch from the low to the high
state under noise (Section . Embedded in a ring without SOM lateral inhibition, the same
circuit supports a clear, stable bump (Section , and does so over a broad parameter regime.
We then proposed a more complete inhibition pattern, closer to biological reality, that mimics
the known SOM connectivity, but the resulting ring fails to produce a stable bump except in a
narrow parameter range (Section . Finally, we apply nAChR deactivation to the fitted ring
and observe that it drives the network into saturation in every condition (Section . How-
ever, the link with biological data has been weakened by multiple factors, and the resulting fit
of the network does not reproduce the biological data. These results are not necessarily failures
of the model, but they do raise questions about the underlying mechanisms and the model’s
limitations. In our context of AD-related working-memory deficits we cannot afford to ignore
these issues, so we discuss them in detail below and propose concrete future directions to address
them.

SOM silencing at the high state. The two hypotheses raised in Section deserve to be
developed separately. The first is that the model is restricted to layer II/III: by construction,
it does not take vertical connections into account, even though these matter for biological in-
terpretation. [Hartung et al.| (2024) show that NDNF-expressing interneurons in layer 1 provide
pervasive inhibition onto layer II/III interneurons, including PV and VIP, and play a role in
regulating those layers. We can also highlight the long-range projections to VIP cells, notably
from the hippocampus |Graham et al.| (2021). The current architecture does not represent these
interactions, which would otherwise contribute top-down and long-range pathways. The second
hypothesis is geometric: SOM cells are local-receiving but lateral-projecting (Section , SO
the SOM rate measured at an active column reflects the rate output to the neighbours, which
sit in the low state. In the single-node fit, the SOM population is forced into the same role as
both source and target of inhibition at the active column, an arrangement that does not exist
on the ring once the PYR—SOM-—neighbour-PYR motif is in place. Under that view, SOM
silencing at the local fixed point is not a failure of the model but the price of fitting a single
column that, by construction, lacks the spatial separation between SOM source and target. A
natural next step would be to develop a ring-aware fit, in which the single-node loss is replaced
by a small-ring loss that includes the lateral motif, to test whether this allows the SOM rate at
the high FP to increase and match the target. We could also test this hypothesis by examining
the SOM rate of different cells in experimental data and their relationship to the local PYR
rate: if the hypothesis is correct, we should see a negative correlation between the two, with
SOM silencing on the active column but not on the neighbours.
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The deterministic low fixed point and noise during optimisation. The fitted low PYR
fixed point sits at 0.37 Hz, significantly below the 1.75Hz Rooy target (Table . However, in
the noisy simulations the population spends most of its time displaced upwards by fluctuations,
so the time-averaged rate is higher than the deterministic FP. The optimisation procedure
compares the deterministic FP to a target rate measured in vivo, where the rate is itself a noisy
time average, and the two quantities are not directly comparable. A noise-aware version of the
optimisation, in which the loss is evaluated on time-averaged rates from short stochastic runs
rather than the deterministic FP, would close this gap. We list this as a possible future direction
below.

Another point we observed was the need for a moderate amount of noise to stabilise the
low state in the single-node simulations (Figure . It is interesting that noise, which is often
thought of as a destabilising factor, can in fact help stabilise the low state. This suggests that
the baseline current into inhibitory populations is not sufficient to stabilise the low state on its
own, and that the network relies on a certain amount of noise to activate inhibition and prevent
saturation. As we mentioned in Section PV cells are known to receive strong thalamic
input, which is a likely source of noise in vivo. And, since PV cells are known to be the global
regulator, this noise would have a stabilising effect on the whole network.

Bump shape and the discrete-bistability limitation. The no-SOM ring produces a
clearly localised bump (Figure , but the bump has very steep flanks: each column is either at
its high or its low state, with no graded intermediate region. Behavioural data on spatial work-
ing memory typically show a smoother spatial profile, with firing rate decaying gradually away
from the cued direction Compte et al. (2000). The architecture, as built here, cannot reproduce
that. Single-node bistability discretises each column into two regimes, and ring coupling alone
does not generate intermediate rates because the coupling is too weak to push a column out of
one basin into the other except in an all-or-nothing way. However, in the SOM Gaussian case,
the bump is more spread out and show a intermediate region between the high and low state,
which is more in line with the behavioural data.

Ring-level non-robustness traced to the single-node fit. The SOM-Gaussian ring forms
a bump in only a narrow region of the noise/cue space (Figure . Taken at face value, this would
suggest that the lateral inhibition is not strong enough to confine an active column, though we
cannot firmly state this at this stage, given the limitations of the fit. A structural explanation
is the magnitude of the SOM—PYR weight inherited from the single-node fit: that weight was
fitted under the assumption that SOM inhibition acts locally on the same column that drove
it, while on the ring it acts laterally onto the neighbours. The row-sum principle preserves the
homogeneous fixed point but not the inhibition density seen by an isolated active column, so
neighbours receive a much sharper lateral inhibition than the single-node fit was tuned for. A
ring-aware fit, in which the single-node loss is replaced by a small-ring loss including the lateral
motif, is the natural fix.

The AD bridge and the unconstrained nAChR drive. The saturation observed under
nAChR deactivation (Figure is the most concerning of the negative results, but it is also the
one most likely to reflect a methodological gap rather than a model failure. As things stand, our
nAChR currents 1,7 pv, Io7,50M; 132,50M, Las vip are fitted with no constraint that distinguishes
them from the corresponding baseline external drives Igv, 1 é)OM, I\O,IP: any shift between the two
components leaves the resting state unchanged. The optimisation therefore has no incentive to
give the nAChR currents a physiologically meaningful value, and the deactivation of nAChRs
is operationally indistinguishable from a generic perturbation of the baseline drive. [Koukouli
et al. (2025) address this directly by adding a knock-out firing-rate target: they use knock-out
data and simulate the network with the corresponding nicotinic current set to zero, optimising
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the network to also match the firing rates in those conditions. We did not have access to such
knock-out-condition rate targets in the Rooy dataset used here, so the same constraint could not
be applied. The practical consequence is that our AD result (network saturation) reflects the
loss of an unconstrained current and cannot be read as a model prediction about Apg-induced
WM impairment. A meaningful AD application would require either re-fitting with KO rate
targets in the loss or, more pragmatically, fixing the nAChR, currents from biophysical estimates
(channel densities, single-channel currents) and re-optimising only the remaining parameters.

Toward biophysically grounded transfer functions. The hyperbolic ceiling in eq. |§] is
deliberately phenomenological. As the objective is to build a biologically grounded model, it
is unsatisfactory to have a key mechanism that is not directly tied to a biophysical process:
the NMDA gating variable on the PYR—PYR recurrence is an improvement in this direction,
and we should aim to replace the interneuron ceiling with a similar mechanism. Several bio-
physical candidates exist: GABAa-mediated autaptic self-inhibition in PV cells (Bacci et al.,
2003; |Szegedi et al. [2020), presynaptic GABAp autoreceptors reducing GABA release at high
interneuron firing rates (Davies et al., [1990)), and short-term depression of excitatory inputs onto
interneurons (Abbott et all [1997; 'Tsodyks and Markram) [1997)). We could implement each of
these mechanisms in the model and test whether they can replace the phenomenological ceiling
while still supporting bistability and a good fit to the data.

Constraining the circuit through the Jacobian. The Jacobian regulariser Lj,. included
in our loss deserves a critical look. Its motivation is structural: by penalising too-high effective
gains along the canonical pathways, it is meant to discourage solutions where a connection is too
strong. The justification, however, is weak. There is no direct biological grounding for it, the
threshold e and the list of pathways to enforce are arbitrary, and the term largely amounts to
writing the desired circuit topology into the loss rather than letting it emerge from the model.
Empirically, Ljac stays negligible against the other components throughout training (Figure [4)),
so it is unclear whether the term meaningfully reshapes the loss landscape at all. We kept it
in the current model for transparency, but its necessity is questionable. Specifically, we set the
weight of the loss term to 0.1, which gives a near-zero contribution to the total loss.

Fast-synapse approximation on interneurons. One further asymmetry of the model de-
serves to be made explicit. The fast-synapse approximation used on all interneurons (everywhere
except PYR—PYR) collapses the GABAergic and AMPA-mediated synaptic variables to instan-
taneous functions of the presynaptic rate. This is consistent with the short time constants of the
corresponding receptors, but it removes exactly the kind of synaptic dynamics that, on PYR,
produce bistability.
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All steps of this thesis (defining the scientific question, bibliographic research, choosing the
general approach and the specific methodology, developing and programming the model and the
studies, designing the analysis, interpreting the results, and writing the dissertation) were carried
out by myself, Valentin Jacquin. Boris Gutkin, my supervisor, provided guidance throughout the
project and detailed feedback on the dissertation as a whole. Evann Rabeau provided additional
proofreading of the introduction. Anthropic’s Claude (via Claude Code) was used to assist with
coding and troubleshooting during the implementation and analysis stages.
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Code availability

All code developed for this thesis — including the model implementation, fitting pipeline, anal-
ysis scripts and parameters — is publicly available at https://github.com/valjcq/AD_pfc_
modeling.
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Abstract

Alzheimer’s disease (AD) is a prevalent neurodegenera-
tive disorder characterized by progressive cognitive de-
cline. During its early stage, the Af molecule accu-
mulates and provokes various disruptions in the neural
system, notably leading to changes in prefrontal cortex
(PFC) activity. Previous studies have explored the link
between its disruption of nicotinic acetylcholine recep-
tors (nAChRs) and alterations in PFC dynamics observed
in early AD. Building upon their computational model of
the PFC, we aim to investigate how nAChR dysfunction
affects PFC activity during working memory tasks, which
are known to be impaired in AD. Incorporating nAChR
modulation, the model will allow us to explore the im-
pact of receptor dysfunction on network bistability and
transition dynamics. By implementing a ring attractor ar-
chitecture, we will simulate working memory processes
and assess how impairments in specific NAChR subtypes
influence the network’s ability to maintain stable activity
states. We will analyze firing rates, transition frequen-
cies, and working memory performance metrics to elu-
cidate the relationship between nAChR dysfunction and
cognitive deficits in AD.

Keywords: Alzheimer’s disease, nicotinic acetylcholine recep-
tors, prefrontal cortex, computational modeling, working mem-
ory.

Scientific Background and Context

Alzheimer’s disease (AD) is a widespread neurodegenerative
disorder with a high prevalence in elderly population, currently
affecting over 50 millions individuals worldwide [Breijyeh and
Karaman, 2020]. However, the origins of the cognitive impair-
ments associated with AD remain poorly understood. While
Palop et al. [2007] have reported increases in cortical activity
in mice with AD, human imaging studies have predominantly
observed hypofrontality in AD patients [Choi et al., 2023]. This
apparent discrepancy highlights how the underlying mech-
anisms remain debated. Experimental evidence indicates
that amyloid-beta (AB) peptides modulate neuron’s signals by
either activating or inhibiting nicotinic acetylcholine receptor
(nAChR). More specifically, a7 and B2* nAChR’s subunits
seems to be particularly affected by AP interactions [Lom-
bardo and Maskos, 2015, Parri et al., 2011].

In this work, we hypothesize that the progressive accumula-
tion of AB disrupts nAChR mechanisms, leading to a disregu-
lation in prefrontal cortex (PFC) network dynamics. Thus, con-
tributing to the cognitive deficits observed in AD. As nAChRs
are only expressed in interneurons in layer Il/lll [Poorthuis
et al., 2013], nicotinic signaling is expected to impact pyra-
midal cells through interneurons modulation. In this regard,
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Koukouli et al. [2017] demonstrated the link between nAChRs
disruption and pyramidal neurons activity, underlying the in-
terneurons implication in PFC network dynamics. The spe-
cific contribution of different receptor subunits to this modula-
tion has also been highlighted [Maskos and Lombardo, 2014].
Still, the precise interactions between nAChR dysfunction and
the resulting alterations in PFC network dynamics in the con-
text of AD remain to be explained.

To better capture these mechanisms, previous work devel-
oped a reduced population-level model describing interactions
between pyramidal neurons and major interneuron subtypes
within the PFC [Koukouli et al., 2025]. This model has been
fitted to their own produced data. It reproduces the hyperac-
tivity observed in their genetically modified mice and identifies
a7 nAChRs as critical modulators of this phenomenon. More-
over, it suggests that f2* and a5 nAChRs could represent
promising therapeutic targets for restoring physiological net-
work balance.

Research Question and Working Hypotheses

While previous explorations have shown promising results
in linking nAChR dysfunction to altered PFC activity pat-
terns [Rooy et al., 2021, Koukouli et al., 2025] they primar-
ily focused on resting-state dynamics. However, to link these
findings to the observed cognitive deficits in AD, it is essential
to investigate how these network alterations manifest during
active cognitive tasks. The PFC is known to be a key region in
working memory, which deteriorates in early AD [Huntley and
Howard, 2010]. Furthermore, electrophysiological recordings
during working memory tasks have been shown to reliably dis-
tinguish AD patients from healthy controls [Perpetuini et al.,
2020], underscoring the connection between altered neural
dynamics and cognitive impairment.

Therefore, working memory task provides a good candidate
to explore how nAChR dysfunction affects PFC network dy-
namics in an active context. We will investigate how disrup-
tions in the different NnAChR subtypes influence the network’s
ability to switch between two self-sustained states, which are
thought to underlie working memory processes [Compte et al.,
2003]. We hypothesize that impairments in specific NAChR
subtypes will lead to deficits in the stability and transition
dynamics between these states, thereby contributing to the
working memory impairments observed in AD.

To another extent, we will also explore how varying levels of
external input or sensitivity on specific NnAChR subtypes affect
these dynamics, building on previous findings that identified
B2* and a5 nAChRs as key modulators of PFC activity [Kouk-
ouli et al., 2025].



Planned Methodology

To tackle this question, we will build upon the previously de-
veloped nAChR-modulated PFC network model described in
Koukouli et al. [2025].

Modulation of parameters affecting bistability

Previous results have shown an oscillation between high and
low activity states in the PFC [Rooy et al., 2021], but at another
order of magnitude than the one observed experimentally dur-
ing working memory tasks [Compte et al., 2003]. Thus, it is
needed to bridge the gap closer to experimental observations,
as we aim to maintain a biologically relevant model. To do so,
we will modulate current inputs as we expect them to highly
affect the characteristics of both states.

Working memory architecture

Once we achieve a network behavior consistent with exper-
imental findings, we will build a ring attractor network. In
this architecture, units are arranged along a circular topology
where local excitation and global inhibition produce a localized
bump of activity that can be sustained after stimulus offset,
encoding a continuous variable such as spatial location. This
architecture has been widely used to model working memory
processes, notably in [Wang et al., 2004] where the authors
also model the role of interneurons. However, they first do
not consider nAChR modulation, and second use a arbitrary
connectivity framework between nodes.

Here, we will implement a similar architecture but defining
each node as an identical local PFC circuit described by our
nAChR-modulated model. We will consider PYR to PYR con-
nections as the driver of the excitatory connectivity, while PV
interneurons will mediate the inhibitory connections between
nodes, as they are both known to be able to project horizon-
tally [Levitt et al., 1993, Druga et al., 2023]. SOM and VIP in-
terneurons will be considered as local modulators of the net-
work dynamics as they mainly project locally [Karnani et al.,
2016, Riedemann, 2019].

Expected Observables and Data

We will primarily focus on analyzing the firing rates of the dif-
ferent neuron populations (PYR, PV, SOM, VIP) within the
PFC network model. The following observables will be used to
assess the impact of nAChR dysfunction and input modulation
on network dynamics.

Characteristics of activity states

As previously mention, we first aim to get closer to experimen-
tal observations during working memory tasks [Compte et al.,
2003]. We will quantify the mean firing rates and variance of
both high and low-activity states along to varying input cur-
rent levels. We expect that increasing input current will lead to
higher firing rates in both states.
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Transition dynamics

We will quantify the frequency of transitions between high and
low-activity states. This should be highly modulated by the
input current, and we expect that stronger inputs may lead to
prolonged high-activity states, potentially resulting in a one-
stability state at a certain threshold. Whereas, lower inputs
may favor a more stable low-activity state.

Working memory performance metrics

In the ring attractor model, we will first assess the network’s
ability to form and maintain a bump of activity in response to
a transient stimulus. Then, we will measure the population
vectors to quantify the accuracy of working memory represen-
tations. We expect the network to be able to maintain stable
activity bumps, successfully encoding the stimulus informa-
tion. In the context of nAChR dysfunction, we will evaluate
how impairments in specific receptor subtypes affect the sta-
bility and fidelity of these representations.



B Jacobian of the local circuit

The Jacobian referenced by the regulariser Lja. (Section [2.6]) is the effective-gain matrix of the
four-population local circuit at a fixed point. We compute it as J;; = Or;/0rj, treating the

adaptation current I;%lflst as fixed at its steady-state value Jyqapt,pyrR7PYR- Population order is

[PYR,SOM, PV, VIP] throughout.

Transfer-function derivative. For each population ¢ the Wong-Wang transfer function has

derivative
1—e?*(1+42)

(1—e2)2 7~
with the Taylor limit ®/(I) — «;/2 as z — 0. Equation [15|is evaluated at the input I produced
by the fixed-point rates.

DI = o - z = gia;(I — 0;), (15)

Partial derivatives of the net inputs. The chain rule gives J;; = ®}(I}) - 9I*/dr;. The
partials follow directly from the input equations of Section Writing D = 1 4 ggaBAWpeTpy
for the divisive denominator and S* = yrnmparpyr/ (1 + Y"NMDATEyR) for the NMDA gating
variable, the non-zero partials are:

JNMDA YTNMDA
OISR/ OrPYR = : , 16
PYR/OTPYR o) L+ A rndarrn )2 (16)
OIPYR/OrsoM = — JGABAWse, (17)
J, S*

OISR /Orpy = — % * GGABA Wpe, (18)
OIS\ /OrpyR = Wes,  OISG\/Orvip = — Wys, (19)
OIE /OrpyR = wep, DIV /Orsom = — JGABAWsp, (20)
OIBS |Orpy = — gaaBAWpp, OIS /Orvip = — Wyp, (21)
81\1}%)/87’})\711 = Weyp- (22)

The PYR row picks up two contributions on the diagonal (the NMDA saturation derivative),
and on the PV column the divisive denominator contributes an extra D=2 factor multiplying the
recurrent NMDA drive Jxypa S™*. All other partials are direct readings of the synaptic weights.

Use in the loss. The full 4 x 4 matrix J;; = ®(I) 01" /dr; is assembled and the regulariser
is computed as Ljae = relu(max;; |.J;;| — 5)? (Section .

C Nullcline computation and fixed-point finding

The bistability loss Lyistap (Section and the rate-matching terms Lyate, Lratehigh are all
evaluated on the PYR nullcline F(r) = ®pygr(I**(r)) — r. This appendix details how F' and
the resulting fixed points are computed.

Reducing the 4D system to the PYR axis. The four-population local circuit defines a
four-dimensional dynamics, but the nullcline condition 7; = 0 for every population reduces the
steady state to a one-dimensional curve parametrised by rpyr. Concretely, for a given rpyr we
solve the remaining three populations at their own steady state:

e VIP has no recurrent input, so r{p(rpyr) = Pvip(WeoTPYR + I{),IP + I{}I%h) is direct.
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e« SOM and PV are coupled (PV self-inhibits and SOM disinhibits PV), so we solve the
2 x 2 system
{TSOM = PsoM (WesTPYR — WosT¥1p — Jadapt,somTsoM + I8on + I4SE),
rpy = Ppy (WeplPYR — JGABAWpTPY — GGABAWspTSOM — WypTiyp + Iy + IHGD),

(23)
using scipy.optimize.fsolve. The system is non-monotonic and can admit multiple
solutions in regions where PV is bistable, so we launch fsolve from two initial guesses
((rsom, rpv) = (0,0) and (30,30) Hz) and retain the solution with smaller residual.

Once (150 TPy Tvrp) are known at this rpygr, the PYR net input is assembled with the steady-
state adaptation Ig(i,aﬁt = Jadapt,PYRTPYR and the steady-state NMDA gating S*(rpyr) defined

in eq. |7} giving a single value F(rpyr) = ®pyr([™") — rpyR.

Sweep. The full nullcline is built by evaluating F' on a uniform sweep rpyr € [0, 80] Hz with
1000 points. The upper bound is chosen above the highest physiological rate seen in the Rooy
targets (~ 68 Hz) and below the rate-clamp Rpax phys enforced during simulation, so that any
zero-crossings detected on the sweep correspond to real fixed points rather than clamp artifacts.

Fixed-point detection. Fixed points are sign changes of F. Two-step location:

1. Bracketing. Index pairs (k, k+1) where sign(F'[k]) # sign(F'[k+1]) are flagged as candidate
crossings.

2. Refinement. On each bracket [r,741], the crossing is refined with Brent’s method
(scipy.optimize.brentq) applied to a function that re-solves the interneuron sub-system
at each Brent iterate. This guarantees that the returned r* satisfies the full four-population
steady-state equations, not just an interpolation of the sweep grid.

Stability classification. Each refined crossing is classified by the local sign of dF'/dr, evalu-
ated by linear interpolation of the discrete gradient AF/Ar at the crossing location. Crossings
with dF'/dr < 0 are stable, while crossings with dF/dr > 0 are unstable. A network is declared
bistable when at least two stable crossings are found in [0, Rimax,phys)-

Link to the loss. The detected crossings feed every rate-related loss term:

o the lowest stable crossing ry = provides the actual low FP used by Lyate (with its corre-
sponding interneuron rates 7§y Ty TVIP)»

e the highest stable crossing rﬁigh provides the high FP used by Ly ate high Wwhen the network
is bistable, and Lyate nigh is set to zero otherwise,

o the locations 7}, and rﬁigh also enter Largin through their separation,

« the adaptive low-basin penalty in Lyjsap uses 7 as the upper bound of the region in
which F must remain positive, scaling the penalty by 1+ |rf  — rltjvrvget\ / Tfs‘i,get to couple

the shape constraint and the rate constraint.

In effect, the loss is a structured function on the parametrised nullcline rather than a function of
the raw circuit parameters, which is why the loss landscape admits the degeneracies discussed

in the [Discussionl
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D Random parameter search

To assess whether the SOM-silenced solution of Section reflects an idiosyncrasy of the opti-
miser or a generic feature of bistable parameter sets under our equations, we ran an independent
random search over the same bounds as the differential-evolution fit (Table [1]).

Protocol. Each sample drew every free parameter independently from its log-uniform or uni-
form prior. The local circuit was integrated deterministically over T' = 2500 ms with At = 0.1 ms
and a burn-in of 1800 ms before the bistability check, and rates were averaged over a 500 ms
window at the end. The check used the same nullcline-based fixed-point procedure as the optimi-
sation loss (Appendix [C|), with no rate target imposed: only the topological +, —, +, — pattern
and a minimum FP separation Aryi, = 15 Hz were required.

Hit rate. Out of 10° random samples, 778 (=~ 0.78%) passed the bistability test. The cor-
responding raw samples are stored in figs/optim/random_bistable_100k.jsonl and sum-
marised in figs/optim/random_bistable_summary_100k.txt. The hit rate gives an order-of-
magnitude estimate of how dense bistable parameter sets are within our bounds, and confirms
that bistability is a small but accessible region of the parameter space without any loss-driven
steering.

Realistic-bistability subset. Most of the 778 hits pass the topological criterion but at near-
trivial separations: the median PYR fixed-point gap is only 1.95Hz, and many “high” fixed
points sit well below physiological active-state rates. We therefore restrict the subsequent anal-
ysis to hits with both a non-trivial separation (r?,lﬁg(}ﬁ — riW. > 15Hz) and a high state that is
actually high (rl}li{g,% > 30Hz). This leaves n = 104 realistic-bistability samples. The numbers
below refer to this subset.

SOM silencing is generic. The high-state SOM rate across the 104 samples has median
1.01 Hz and mean 8.89 Hz, against a Rooy target of 35.2 Hz. The distribution is strongly bimodal:
50% of hits sit below 1 Hz (effectively silenced), 61.5% below 5 Hz, and only 19.2% above 20 Hz.
The differential-evolution optimiser converges to rlslgf/[ = 0, which sits squarely in the most
populated mode of the random-search distribution. It is not an outlier but a representative
draw from the silenced half of the bistable manifold.

Joint SOM + PV activity is not reachable. The more decisive observation concerns
the joint activity of both perisomatic and dendritic interneurons at the high state. In the
entire n = 104 realistic-bistability subset, no sample reaches rggll\l/[ > 20Hz and r{;\g,h > 20Hz
simultaneously, only 6 samples (5.8%) clear the much weaker threshold of both rates exceeding
5Hz, and only 2 samples (1.9%) clear 10 Hz on both. The closest random hit to the Rooy targets
has rsom = 14.9Hz, rpy = 20.8 Hz, ryip = 83.8 Hz, still well below the active-state interneuron
rates measured in vivo.

Interpretation. The implication is that the equations themselves, given the bounds we use,
structurally prevent a bistable regime in which both SOM and PV stay biologically active at the
high state. SOM silencing at the optimum is therefore not a quirk of the differential-evolution
path: it is the dominant mode the model offers, and the optimiser settles into it. This is
consistent with the structural reading developed in the (missing inter-layer afferents
to VIP, local-source/local-target geometry of the single-node fit) and weakens the alternative
reading in which the silencing would simply reflect optimiser bias. Resolving it requires changing
the equations or the constraints, not the optimiser.
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E Fitted parameters at the bistable optimum

Table [3] reports the free-parameter values obtained at the bistable optimum used throughout
the Results section. None of the fitted values is pinned at either boundary, confirming that
the optimiser is not constrained by the bounds. Fixed parameters that were not optimised
(Wong-Wang shape parameters «;, 8;, g;, time constants TNMDA, ¥, Tadapt,PYR, and ring widths)
are reported in the relevant Methods sections and omitted here.

Parameter Lower bound Fitted value Upper bound

Adaptation strength (nA/Hz)

Jadapt.PYR 0.001 0.00139 0.2
Jadapt SOM 0.0 0.000 0.0
GABA gain (dimensionless)

JGABA base 0.1 4.21 5.0
o 0.1 1.09 5.0
Synaptic weights (nA/Hz, except Jnmpa in nA)
JNMDA 0.05 0.267 2.0
Wep 0.001 0.00720 0.05
Wes 0.001 0.00601 0.05
Wey 0.001 0.00626 0.05
Wpe 0.001 0.00131 0.05
Whp 0.001 0.00120 0.05
Wge 0.001 0.0460 0.05
Wep 0.001 0.0157 0.05
Wop 0.001 0.00204 0.05
Wys 0.001 0.0180 0.05
External drives (nA)

j{. 0.01 0.413 1.5
19, 0.01 0.275 0.6
owm 0.01 0.182 0.6
e 0.01 0.206 0.6
nAChR currents (nd)

Io7pv 0.01 0.0683 0.5
Io7,s0M 0.01 0.0496 0.5
Is2.50M 0.01 0.0226 0.5
Ls vip 0.01 0.0217 0.5

Table 3: Fitted parameter values at the bistable optimum.

F  Full local-circuit equations

The full system of equations governing the four-population local circuit, with the NMDA gating
variable on the PYR—PYR recurrence and the hyperbolic soft ceiling on interneurons, reads:

TpYR TPYR(t) = —TpYR(t) + q)PYR( PYR(t)) (24)
TsoM Fsom(t) = —rsom(t) + ‘I’capped< §8M(t)) (25)
oy ipv(t) = —rev(t) + Donpped (IB(H)) (26)
rvie Fvip () = —1vip () + @ogea (IEH (1)) (27)
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with the slow auxiliary variables

TNMDA S(t) = —S(t) + ’)’[1 — S(t)] TPYR(t), (28)

Tadapt Tps (t) = —ISRY() — Jadapt TPYR(2). (29)

The net synaptic currents are

 Jnupa S() — wee rsom(t) + Iy + IpSE (1)

Inet t) = , 30

PYR( ) 1+ JGABA Wpe 7T’\/(75) ( )

158\ (t) = Wes TPyR () — wos Tvip(t) + 1800 + TEGA (31)
IEH(t) = wep rPYR(E) — 9GABAWp TPV (1) — gaABAWSp TsoM (1) — Wep Tvip (t) + I3y + IHG,

(32)

LSL() = wep rpyR(t) + Iogp + IO (33)

The Wong-Wang transfer function ®;(I) = u;/(1 — exp(—g;u;)) with u; = a;(I — 6;) is used for

every population, and the interneuron output is post-processed by the soft ceiling @épped(l )=

rX X (D) /(rE, + ®X(I)), defined in eq. 8l The total nAChR drive IACM is the sum of the
subunit-specific currents contributing to population i (a7 for PV and SOM, 2 for SOM, a5 for
VIP).

The ring extension replaces each input by its spatially weighted counterpart following the
kernels of Section Wee TPYR 1S upgraded to ), W&YRSg, the divisive PV term to ), W,&Vrfv,
and the SOM term to 3, WPPMrPOM while all other currents remain local.

G Koukouli desensitisation data

The deactivation percentages applied as multiplicative scaling on the nAChR-drive parameters
when simulating the APP condition (Section are reproduced from [Koukouli et al.| (2025]) in
Table [

Nicotinic receptor Deactivation / inactivation level

a7 —90 £ 10% reduced activation
ab 40 + 5% reduced activation
B2 0-25% inactivation

Table 4: nAChR deactivation levels in the APP mouse model relative to wild type, taken
from [Koukouli et al.| (2025).
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H SOM connectivity diagram

The SOM lateral-inhibition kernel used in Section [24] is illustrated in Figure [[1l SOM cells
receive input from the local pyramidal population and project their output to the neighbouring
columns, with a Gaussian fall-off and a zero diagonal (no self-inhibition). The annular SOM
kernel WkSZOM therefore vanishes at d = 0 and shows two symmetric lateral lobes peaking at
+usom- The PYR—PYR Gaussian kernel W,&YR is overlaid for reference and peaks at d = 0,
exactly where the SOM inhibition vanishes.

Ring connectivity kernels

— WM (SOM kernel)

1.0 == WE® (PYR - PYR Gaussian)

0.8 1

0.6

0.4 1

Normalised kernel weight

0.2 1

0.0

———— N ——

-150 -100 =50 0 50 100 150
Angular distance d(6, 6,) [deg]

Figure 11: Ring connectivity kernels plotted against the signed angular distance: the annular

SOM kernel WPM (solid green, eq. and the PYR—PYR Gaussian kernel W YR (dashed
red).
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I Single-node simulation at zero noise

Circuit Model Simulation (noise=ou, 0=0.3) [T1: 1000-1500 ms, x+1.00]
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Figure 12: Single-node simulation at o = 0.

The example referenced in Section [3.4] illustrates the saturation regime obtained when the
noise amplitude is set to zero: the deterministic dynamics drift to the high fixed point without

any need for a cue, demonstrating that a finite noise level is required to keep the network in the
low state.
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J Ring-attractor 2D state-classification heatmap (no-SOM con-
trol)

State-classification heatmap for the ring simulation without lateral SOM inhibition, for compar-
ison with the single-node sweep (Figure and the SOM-Gaussian heatmap (Figure .

Heatmap of network state for varying noise and amplitude (ou noise)

(no o_som sweep)

Cue amplitude

Noise o

I Pre-saturated (noise before cue) I local bump (near cue — good WM) Silent (no sustained activity)

Figure 13: State-classification heatmap for the no-SOM ring under OU noise.
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K SOM-Gaussian ring: saturated dashboard example

Representative dashboard from the SOM-Gaussian sweep illustrating the fully saturated regime
referenced in Section the bump fails to localise, drifts, and spreads across the ring until
every column is in the high state.
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Figure 14: Example run from the SOM-Gaussian sweep (o = 0.4, cue amplitude 1.0). The bump
fails to localise, drifts and progressively spreads across the ring, eventually leading to a fully
saturated network.
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