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cleo
Simulate complex ephys,
opto, and 2P imaging
experiments with ease

INTRODUCTION

Cleo turns a spiking neural network model into a
virtual experiment—useful for experiment design,
methods engineering, and model evaluation:
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c d 1 ng = NeuronGroup(
2 500,
3 """dv/dt = (-v - 70*mV + (500*Mohm)*Iopto) / (20*ms) : volt
4 Iopto : amp""",
5 threshold="v>-50*mV",
6 reset="v=-70*mV",
7 )
8 cleo.coords.assign_coords_rand_rect_prism(
9 ng, xlim=(-0.2, 0.2), ylim=(-0.2, 0.2), zlim=(0.2, 1), unit=mm

10 )
11 sim = cleo.CLSimulator(Network(ng))
12

13 # configure and inject a 32-channel shank
14 coords = cleo.ephys.linear_shank_coords(
15 array_length=1 * mm, channel_count=32, start_location=(0, 0, 0.2) * mm
16 )
17 mua = cleo.ephys.MultiUnitSpiking(
18 r_perfect_detection=0.05 * mm,
19 r_half_detection=0.1 * mm,
20 )
21 probe = cleo.ephys.Probe(coords, signals=[mua])
22 sim.inject(probe, ng)
23

24 # configure opsin and light source
25 fiber = cleo.light.Light(
26 light_model=cleo.light.fiber473nm(),
27 coords=(0, 0, 0.4) * mm,
28 wavelength=473 * nmeter,
29 )
30 sim.inject(fiber, ng)
31 opsin = cleo.opto.chr2_4s()
32 sim.inject(opsin, ng)
33

34 # configure closed-loop control with arbitrary code
35 class MyProcessor(cleo.ioproc.LatencyIOProcessor):
36 def process(self, state_dict, sample_time_ms):
37 # state_dict contains a {'recorder_name': value} dict of network.
38 i_spk, t_ms_spk, y_spk = state_dict["Probe"]["MultiUnitSpiking"]
39 # on-off control
40 irr0_mW_per_mm2 = 10 if len(i_spikes) < 10 else 0
41 # output is a {'stimulator_name': value} dict and output time
42 return {"Light": irr0_mW_per_mm2}, sample_time_ms + 3 # 3 ms delay
43

44 sim.set_io_processor(MyProcessor(sample_period_ms=1))
45

46 # visualize experimental configuration
47 cleo.viz.plot(ng, colors=["#c500cc"], sim=sim, zlim=(200, 1000))

# a simple population of LIF neurons

ELECTROPHYSIOLOGY

Virtual electrode contacts record spiking and LFP
proxy signals [1, 2] from the network:
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OPTOGENETICS

Light propagation and opsin kinetics models
enable simulation of one-photon optogenetics [3]:
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Cleo also simulates multi-site/opsin stimulation,
including crosstalk from overlapping action
spectra [4]:
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TWO-PHOTON IMAGING AND PHOTOSTIMULATION

A microscope selects neurons in focus for imaging
while a Gaussian ellipsoid models off-target 2P
laser stimulation.
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Signal and noise amplitude depend on the
indicator, but are scaled by per-ROI expression
level and pixels in focus:

SNRi =
∆F/F01AP
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Detailed models of spike-driven calcium and GECI
dynamics underlie fluorescence measurements [5]:
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END-TO-END VALIDATION EXPERIMENTS

We reproduce LFP recordings of epileptiform
activity from HPC model and data from Aussel
et al. [6]. Ablations fail to do likewise:
a

b

Aussel et al., 2022
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rwslfp = RWSLFPSignalFromPSCs(amp_func=wslfp.aussel18)
probe = Probe(elec_coords, signals=[rwslfp])

for exc_neurons in all_exc_neurons:
    sim.inject(
        probe,
        exc_neurons,
        orientation=orntn_for_nrns(exc_neurons),
        Iampa_var_names=["I_SynE", "I_SynExt"],
        Igaba_var_names=["I_SynI"],
    )

c d e f

Cleo is able to replicate the all-optical control
experiment of Rickgauer et al. [7], using alternate
opsin and calcium indicators:
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scope = cleo.imaging.Scope(
    focus_depth=100 * b2.um,
    img_width=150 * b2.um,
    sensor=cleo.imaging.gcamp6f()
)
sim.inject(
    scope, 
    neurons, 
    rho_rel_generator=lambda n: rng.lognormal(0, 0.2, size=n)
)
scope.inject_sensor_for_targets()

sim.inject(cleo.opto.vfchrimson_4s(), neurons)

cleo.viz.plot(sim=sim)
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Using a simple E/I network model, we replicate
Newman et al. [8]’s bidirectional "optoclamp" of in
vitro firing rate. We use both the original and an
alternate opsin pair:
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PROTOTYPING NOVEL EXPERIMENTS

We reject a traveling wave via closed-loop
inhibition in a rodent S1 model from
Moldakarimov et al. [9] and simulate the effect of
increased control latency:
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spikes = cleo.ephys.SortedSpiking(
    r_perfect_detection=25 * um, r_half_detection=50 * um
)
probe = cleo.ephys.Probe(coords=[1.75, 1.75, 0.5] * mm, [spikes])

opsin = cleo.opto.ProportionalCurrentOpsin(I_per_Irr=-2400000 * amp)
f�ber = cleo.light.Light(
    coords=(1.75, 1.75, 0) * mm,
    light_model=cleo.light.f�ber473nm(R0=0.2 * mm),
)

sim.inject(probe, neurons).inject(opsin, neurons).inject(f�ber, neurons)

class OnOffCtrl(cleo.ioproc.LatencyIOProcessor)�
    def process(self, state_dict, time_ms)�
        i, t, z_t = state_dict["Probe"]["SortedSpiking"]
        opto_intensity = 0.15 * float(np.size(i) �� 3)
        return {"Light": opto_intensity}, time_ms + delay_ms

sim.set_io_processor(OnOffCtrl(sample_period_ms=0.2))
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By clamping PV firing rate to a range of targets, we
find a threshold for disrupting plasticity in a V1
model by Wilmes and Clopath [10]:
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Feedback control can evoke a reference SWR-like
oscillation in a HPC model [11] without manual
stimulus design or calibration. Cleo makes it easy
to try different control strategies:
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RELATED WORK

Cleo is part of a larger effort developing and
applying closed-loop optogenetic control (CLOC)
methods:

feedback control 
algorithms in simulation

in-silico prototyping in 
preparation for experiment

simulation of:

Optophysiology
stim & recording

Closed-Loop
control

Electrophysiology
recording

→ compute latency
→ sampling/control 
    schedules

→ multi-channel probes
→ spike detection
→ point neuron LFP
    approximation from spikes

→ 1P/2P illumination
→ 2P microscopy
→ opsins w/ Markov kinetics
→ calcium indicators w/
    dynamics models

cleo

See https://cloctools.github.io and Willats et al. [12, 13, 14], Bolus et al.
[15, 16].
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