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Oscillations arise in many brain processes
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Long history of coupled oscillator models in rhythm generation
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Long history of coupled oscillator models in rhythm generation
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Long history of coupled oscillator models in rhythm generation
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Attractor networks are good at isolating the role of connectivity
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Attractor networks are good at isolating the role of connectivity
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Attractor networks are good at isolating the role of connectivity
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Attractor networks are good at isolating the role of connectivity
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Attractor networks are good at isolating the role of connectivity
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Attractors are widely used in neuroscience as representations

of cognitive processes
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Attractors are widely used in neuroscience as representations

of cognitive processes
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Attractors are widely used in neuroscience as representations
of cognitive processes
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Attractors are widely used in neuroscience as representations
of cognitive processes
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Attractors are widely used in neuroscience as representations
of cognitive processes

Connectivity State space
| |

© neurons are not pacemakers

a
(O Neuron dZU
o— Excitat
czrc'nll'\Zc(zirgn E = —x + @ (WCU + b)
F— Inhibitory
connection
© patterns are attractors of the
network
c © lots of theoretical results
o available...
% ® many of them for fixed points
dynamic
\/\/ — ?? attractor dynamic
d e o attractor

0000000000000 000O
0000000000000 000O0
loXeRoXeNoNeNoNeNoNeNoNeRoNeRoRoXo]
0000000000000 000O0
000000 EERL00000O0 -
00000 XEEEEXR. 00000 . static @
0000 IO OOKR O00O0 static ® attractor
0000 JNESO O OCKE OO0 OO r attractor
O0OO0OO0ONMED OOOUNN OOO0O0 1
0000 XX OOKN 0000
OO0 00 OUKNEREINNNEYO OOOO
00000 XEXEXXYOOO0O0O0O r d ;
0000000000000 N ynamic
0000000000000 000O0 “Jr attractor
0000000000000 000O0 ~rls
X RoXeRoXeNoRe RoRe RoRe e Re XoReXe]
0000000000000 000O0
]
Khona & Fiete, 2022, Attractor and integrator networks i



threshold-linear networks (CTLNSs)

threshold-linear networks (TLNs):
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Attractors of (C)TLNs
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Heuristic: minimal|fixed points correspond to attractors

FP(G) = {{4},{1,2,3},{1,2,3,4}}
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Heuristic: Iminimal|fixed points correspond to attractors
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Takeaways:

1. asingle network can have many different attractors (which can be a mix of
static and dynamic), accessible via different initial conditions

2. FP(G) also gives information about the initial conditions needed to
converge to its corresponding attractor

3. itseems easy to have dynamic attractors, but what about more complex
patterns of oscillations?




For more complex patterns of oscillations: cyclic unions
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For more complex patterns of oscillations: cyclic unions
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For more complex patterns of oscillations: cyclic unions
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Cyclic union example: bound gait

Front legs are synchronized, back legs are synchronized, half a period apart.

CyC|IC union bound gait initial condition
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neuron humber

Animal drawings: van der Weele, J. P, & Banning, E. J. (2001). American Journal of Physics.
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remarkable (unexplained) robustness of construction: all

gaits can be merged into a single network
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all attractors survive the merge
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network can easily transition attractors via
pulses sent to auxiliary neurons
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network can easily transition attractors via
pulses sent to auxiliary neurons

trot bound pronk trot

15

This network:
1. has five different coexistent attractors, all engaging the same four limb
neurons in different patterns
2. has all these attractors accessible without changing parameters (accessed via
different initial conditions)
. allows easy transitions between attractors by stimulating single neurons

3
% 4. has attractors that look nearly identical as the individually constructed gaits

What made these attractors so robust that they don't interfere

Sk

with each other when ”glued” together?
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combinatorial threshold-linear networks (CTLNSs)

threshold-linear networks:

dx i
dt
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whose connectivity matrix is defined by a directed graph:
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combinatorial threshold-linear networks (CTLNSs)

threshold-linear networks:

dx i
dt

g=1

whose connectivity matrix is defined by a directed graph:
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cyclic union theorem holds
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combinatorial threshold-linear networks (gCTLNs)

threshold-linear networks:

dx i
dt

j=1

4+

whose connectivity matrix is defined by a directed graph:

CTLN prescription: cyclic union theorem holds
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cyclic union theorem holds for
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The proof of the generalized cyclic union theorem for gCTLNs
required several new ingredients (not so easy!)

1. menu theorem for TLNs (not graph-based!)

C simply-embedded partition

| | | |
(w0 )
| | | |
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| | | |
(IN) (lN) (JIV) (|N)
\%l . %|1 7t1|+1 . %T . Wi )

Theorem 3 (TLN menu). Let 7q,...,7n be a simply-embedded

partition of the nodes of (W, #), with 6 uniform input. For any

o C [n], let oy L N 7. Then

o€ FP(W,0) = o,€FP(W,,,0)U{d} forallle[N].

In other words, every fixed point support of (W, #) is a union of
component fixed point supports o,, at most one per component.

Londono Alvarez, 2025, Fixed point decompositions for composite generalized
combinatorial threshold-linear networks (in preparation)

2. graphical domination results in gCTLNs

7 2 2
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4>1
FP(G) = FP(G) = {45}

Curto, 2025, Notes on graphical domination and inhibitory control for
threshold-linear networks with recurrent excitation and global
inhibition (in preparation)
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while full network was not technically not a cyclic union, it
was made up of cyclic unions
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while full network was not technically not a cyclic union, it
was made up of cyclic unions
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the answer is: sometimes

CTLN prescr iption:
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cyclic union theorem holds

Looking ahead: TLNs
* how much can we generalize these tixed | gCTLNs
point decomposition results? 2 CTLNs

« what controls the firing rates? bifurcations? 2 9

* how to “glue” attractors (as in quadruped
gaits)?

In conclusion, TLNs are a
n Gynaic nice framework for
understanding structure-
function relationships,
oy Stracie and have potential as

0 P @ @ : : e
? biological and artificial
! @7 attractor mode|g




Thank you!
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CTLN architectures giving rise to sequential
attractors:

Parmelee, C., Londono Alvarez, J., Curto, C., &
Morrison, K. (2022). Sequential attractors in
combinatorial threshold-linear networks. SIAM
Journal on Applied Dynamical Systems, 21(2),
1597-1630.

Quadruped locomotion and more:
Londono Alvarez, J., Morrison, K., & Curto, C.
(2025). Attractor-based models for sequences

and pattern generation in neural circuits.
bioRxiv.




