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Probing brain function using optogenetics
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The limitation of classical optogenetics
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Two-photon holography as a potential solution
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Two-photon holographic optogenetics
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See also Emiliani, Yuste, Hausser, et al



Two-photon holographic optogenetics
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Two challenges in neuroscience

1. Connectivity mapping

2. Ensemble control
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Using stimulation to reveal connections
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Using stimulation to reveal connections
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Proposed approach

/‘\ /' ‘ \

1. Speed up mapping by stimulating quickly

2. Use holographic optogenetics to stimulate ensembles
Exploit sparsity by performing compressed sensing

Hu & Chklovskii (2009), NeurlPS

Fletcher et al (2011), NeurlPS

Mishchenko & Paninski (2012), J. Comput. Neurosci.
Shababo et al (2013), NeurlPS

Draelos and Pearson (2020), NeurlPS



The trade-off with fast stimulation
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The trade-off with fast stimulation
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Neural waveform demixing
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Neural waveform demixing
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Neural waveform demixing
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Application to cortical mapping data

Single-target stimulation
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Application to cortical mapping data

Single-target stimulation 10-target ensemble stimulation
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Implications for connectivity mapping
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Implications for connectivity mapping
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Implications for connectivity mapping
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Implications for connectivity mapping
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Proposed approach
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1. Speed up mapping by stimulating quickly

2. Use holographic optogenetics to stimulate ensembles
Exploit sparsity by performing compressed sensing

Hu & Chklovskii (2009), NeurlPS

Fletcher et al (2011), NeurlPS

Mishchenko & Paninski (2012), J. Comput. Neurosci.
Shababo et al (2013), NeurlPS

Draelos and Pearson (2020), NeurlPS
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Application of ordinary compressed sensing

Randomized ensemble stimulation

10-target stim
response
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Application of ordinary compressed sensing

Randomized ensemble stimulation

Tao, Candes, Donoho, 2005-2008

10-target stim
response

Ordinary compressed sensing
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Solve y = AX such that X is sparse
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Compressed sensing can be extremely efficient

Hu & Chklovskii 2009, NeurlPS
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Compressed sensing can be extremely efficient

Hu & Chklovskii 2009, NeurlPS
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Ordinary CS is limited in realistic simulations
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Ordinary CS is limited in realistic simulations
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Model-based compressed sensing
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Model-based compressed sensing
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A variational inference approach
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A variational inference approach
Probabilistic model:

yr ~ Normal (w's. x, 0°)
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A variational inference approach
Probabilistic model:
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A variational inference approach
Probabilistic model:

yr ~ Normal (w's. x, 0°)
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A variational inference approach
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A variational inference approach

Probabilistic model:

yr ~ Normal (w's. x, 0°)

0~ % ~ Gamma (tsh, tra)

wy, ~ Normal(u, b%)

snk | &n ~ Bernoulli (f (¢ Ink — &

¢, ~ Normal(v,,,L,)

1
n

))

PSGs Holographic
stimulation

observation noise

synaptic weights Q ! 8

spikes \f

power Curves

Unobserved
Optogenetic Presynaptic Synaptic Postsynaptic
power curves spikes Integration current

Spike prob

[ RTINS N

Power

Triplett®, Gajowa* et. al. (2023), bioRxiv



A variational inference approach
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A variational inference approach

Probabilistic model:
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A variational inference approach

Probabilistic model:
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Engineering a solution

Algorithm 1: Coordinate-ascent variational inference and isotonic regularization (CAVIaR)

Algorithm 2: RECEPTIVEFIELDLAPLACE

input: PSC traces c, stimulus information Z, PAVA threshold 0pava, spontaneous penalty backtracking scalar o,
soft orthogonality threshold 6yrthog, Minimal test statistic Tmin, NUMber of iterations iters
1 initialise \,x < 1 for all n, k such that I,,;, > 0 and 7est(ck) > Tmin

2 Agpont <+ 0 // initialize spontaneous rate to 0
3141
4 while i < iters do
5 update g(w | p, Q) oxx expEy(z\w) [Inp(y, Z | Z)] // variational solution for synaptic weights
6 forn=1,...,Ndo // infer spikes via Monte Carlo ELBO solution
7 sample ¢, [m] ~ q(¢,, |v,E)form=1,..., M
8 fork=1,...,K do
9 | Ank < argmax, , ELBO(Ank | {¢n[m]}2))
10 end
11 F, «+ PAVA(Z, \,,) // estimate optogenetic power curve
12 if £, (maxy ) < Opava + Aspont then // check plausibility criterion
13 ‘ pn <— 0, A, <0
14 end
15 end
16 forn=1,...,Ndo // Laplace approx of receptive field posterior
17 ‘ Uy, X, < RECEPTIVEFIELDLAPLACE(Ss,,, ¢,,V,L)
18 end
19 update (o2 | O, Ora) x exp Ey(z\o-2) Inp(y, Z | Z)] // variational solution for noise precision
20 | while ||y — u"A —2z||2/|y||2 > edo // begin spontaneous PSC inference
21 fork=1,...,K do
22 if S0 Ak < Borthog @nd Trest(Ck) > Tmin then
23 |z Sk — BT A k)4,7) // soft-threshold residual with penalty ~
24 end
25 end
26 v~ ay // shrink penalty
27 end
28 | Aspont ¢ & Sopeq Lizpto] /| update spontaneous rate
29 14— 1+1
30 end

31 u, A, ¢,z < FNSCAN(u, z) // scan resulting spontaneous PSCs for potential false negatives

1forn=1,...,Ndo

2 fort=1,...,Thaxdo

3 k+1 // Newton stepsize
a W (bn) = ~Eggonian) [Sher Pk | S, Ink) + I0p(en | v,1)] — 5k 1o In(65)

5 J= V¢n\1/n, H= Vvd,nllfn

6 d=H_,'J, // search direction
7 while ¥, (¢,, + kd) > U,,(¢b,) + apacktrack & J,. d do // backtrack
8 ’ K < Bbacktrack

9 end

10 ¢n — ¢p — kd // make step
11 end
12 v, ¢,
13 3, H!

14 end
15 (¢ | vn, ) = TruncNormal(v,,, 3,0, 00) // truncate support to (0, c0)

Algorithm 3: FNSCAN

input: Synaptic weights u, spontaneous synaptic currents z, stimulus information Z, PAVA threshold 0paya

1 Sgisc — {n€{1,...,N}: u, =0} // initialize pool of candidate neurons
2 while |Sgisc| > 0 do
3 forn=1,...,Ndo // collect spontaneous PSC indices aligning with neuron stim times
4 ‘ spont, « {k€{l,...,K}:zx #0and I,x > 0}
5 end
6 n* < argmax,, |spont, | // select neuron with most coincidental spontaneous PSCs
7 | ER™ « PAVA (L) kespont, » (2k)kespont, ) /| estimate putative power curve
8 | if P (maxy I,-1) > Opava then
9 pn+ < mean({z : k € spont,,. }) // neuron passes PAVA criterion, declare connected
10 Br- < s.e.m.({zx : k € spont,. })
11 for k € spont,. do
12 Ansg 1 // declare spontaneous PSC to be spike from neuron n*
13 zr <0 // remove spontaneous PSC from vector z
14 end
15 end
16 Sadisc < Sdisc \ {n*} // remove n* from pool of disconnected neurons
17 end




CAVlaR: Open-source software

“Coordinate-ascent variational inference
and isotonic regularization”
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CAVlaR: Open-source software

“Coordinate-ascent variational inference
and isotonic regularization”

clrcuiltmap
demix = cm.NeuralDemixer(path="'demixers/nwd_tie_ChroME2f.ckpt', device=device)
psc_dem = demix(psc)

model = cm.Model(population_size, priors=priors)

model.fit(psc_dem, stimulus_matrix, method='caviar', fit_options=fit_options)

github.com/marcustriplett/circuitmap



Ensemble stimulation yields order-of-magnitude speedup
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Ensemble stimulation yields order-of-magnitude speedup
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Ensemble stimulation yields order-of-magnitude speedup

CAViaR Ordinary compressed sensing
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Making the leap to real mapping experiments
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Performance testing in primary visual cortex

single-target stimulation

O connection
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Performance testing in primary visual cortex

single-target stimulation

O connection
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Performance testing in primary visual cortex

compressed sensing
R2=0.99
Precision=1.00
Recall=1.00

single-target stimulation
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Precision: % found connections that are true
Recall: % true connections found Triplett*, Gajowa* et. al. (2023), bioRxiv



Performance testing in primary visual cortex

single-target stimulation

O connection

Precision: % found connections that are true

Recall: % true connections found
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“Checkerboard” visualization

Ensemble stimulation

Single-target stimulation
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CAVlaR achieves high accuracy across experiments

n=14 experiments
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CAVlaR achieves high accuracy across experiments
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A critical test

Predicting responses to novel holograms
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Predicting responses to novel holograms

“Leave-one-hologram-out” cross-validation

(LOHO-CV)

\\

V) V)

H-1 holograms

Infer synaptic connectivity

AN
/ \’,\
&K

I
e
Yy 4 &
/ "o
4 \\

Y
(Y
(T

o

\

1 hologram

Predict response to
novel hologram

A critical test

Triplett*, Gajowa* et. al. (2023), bioRxiv



A critical test
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A critical test

Predicting responses to novel holograms
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CAVlaR converges rapidly in real experiments
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CAVlaR converges rapidly in real experiments
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CAVlaR converges rapidly in real experiments
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An important application: mapping multiple cell types

Presynaptic: pyramidal
Postsynaptic: pyramidal
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Proposed approach
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2. Use holographic optogenetics to stimulate ensembles
Exploit sparsity by performing compressed sensing
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Some future directions

Inference of physiological parameters (synaptic time constants, short-term
plasticity, facilitating synapses)

Inference with variable presynaptic spike-counts

. Gonnectivity mapping with calcium or voltage imaging
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Two challenges in neuroscience

1. Connectivity mapping <



Two challenges in neuroscience

2. Ensemble control <
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Target optimization strategies
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Target optimization strategies
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Bayesian target optimization
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J
Tnt — Z gn(Xi)
j=1
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Approach:
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Bayesian target optimization
Mapping phase Optimization phase

Model optogenetic receptive fields Target activity pattern €2 € {0, 1}N

using Gaussian processes | | o .
Predicted population-level activity pattern 4(x, G)

Ynt ~ Bernoulli(o (v, — 6))

J
Tnt — Z gn(Xi)
j=1

Gn ~ GP(mn(-), k(-;-)) Minimize [|©2 — §(x, G)||* with laser power constraints

Approach:

Use GP to perform inference of receptive field gradients

Calibrate using ensemble stimulation + imaging

@ O

‘ 1 Compute MAP estimates of ORFs {4, 6, })_, from calibration data {y, }"_,, {x:}Z_, using

Algorithm 1: Bayesian target optimisation (Bataro).

Newton’s method with log-barrier.
2 Initialise targets x € R/*3 to random locations near the somas of the J target neurons and with
random laser powers.
3 while target not converged do
trial 1 trial 2 trial 3 4 Construct gradient vectors Vx*¥,(x) forn = 1,..., N using inference of ORF derivatives
Equation 8).
s | Setdx = =230 (U — 0(Fn(%X) = 0n))0" (Y (X) = 0) VocAn (%).
6 Perform gradient descent update x <— x + 30« with step-size 3.
7
8

P

Project laser power onto feasible domain, I; <— min([;, Im.x) forj =1,...,J.
end

Estimate receptive fields via MAP inference

using non-negative log-barrier method
Triplett et al (2024), NeurlPS



Optimizing holographic ensemble stimuli
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Validated In realistic conditions
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Can Bayesian target optimization help in 3D?
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3D target optimization resolves off-target stimulation
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3D target optimization resolves off-target stimulation
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3D target optimization resolves off-target stimulation
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optogenetic receptive field mapping in CA1
Two-photon
imaging and
stimulation

Target neuron  Naive stim  Optimized stim

0®

@ OTS acceptable © OTS forbidden

Edgar Baumler (Hausser lab, UCL)



Two-photon
imaging and
stimulation

Target neuron  Naive stim  Optimized stim

Application to the hippocampus (ongoing)

0®

O

(N

@ OTS acceptable

O OTS forbidden

optogenetic receptive field mapping in CA1

Edgar Baumler (Hausser lab, UCL)

NOOPROYSODNRdEOBOERNEDE
NOSOECOEOOONESESONOO0NEE
Selselvlrlalaloloin il flofalnlnlalnls
DHOOONOOESOEERRO00aa
NODODOOOS0O0E00OROEEEaE
JOOBRSNDOSooooSaonagng
a0 ESDENOO0SOREOORan
DEOOOO00OMEOEROOOOEEE
OEOONOO0ONCOOOES0naED
SAEOEOO0ORO00000a0EERE
DOROSEO0NONooosaannon
NRENOOEDOOANOaEORRnOEn
DORNNORORDOgoOnaoan
OEODOOSOSNOEERLOOOOan
OO0 CSESOSNONOEOOOROE

DODAOOEOooaOnoR0aanann
OOOOEOOOOEDa000SDaa0
OONOEDOOENEaOoaoonon
OOCNESONOO0O000O00E00an
DAOOGOO0O0O0ONOO0OEO0nan
AOOOOO0OEOOOOa00dnan
OOOOECSOONDO0OE0NOQOEa

OO0 0OC0O000000A0EEa
OOOOODO0O00SR000O00a0an
OOO0O00OO00000008088
DODOSOO0OEB0000O0d0883
OESOOOORNO0O00O00OSO00an
OO0 BOORNO0O000O00NMEaEn
OE 0000000000008 0
DO EDOOODERNEO0annan
Slelnlalslalnlalnininlalaojninjnjeiols
DOODDOO0O0O000O0ENO00E0
AOOOOOOES0aoononaonnn
OOODOO0O00000OS00080808
OOOODOOOO0OSO000Oanonn



Possible future directions

A. Uncertainty-aware stimulus optimization
B. Adaptive closed-loop approaches to mapping ORFs

C. Hologram shape optimization
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Two-photon microscopy
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New technology for optogenetics
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New technology for optogenetics
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Performance testing in simulation
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Predictive performance and convergence rates

All experiments (n=14)
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Paired-patch experiments
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n=4 pairs single-target stim ensemble stim
true positive true positive

post J\‘
e t

(iii) (iv)
ensemble stim ensemble stim
false negative  synaptic failure

0.1 nA | .

45 mW 60 mW

Ensemble

Presynaptic spike
accuracy
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Additional examples

single-target stimulation compressed sensing
R2=0.96
Precision=1.00
Recall=0.80

all targets single-target stimulation compressed sensing
R2=0.99, Jaccard index=1.0

o

all targets single-target stimulation compressed sensing
5 R2=0.97, Jaccard index=1.0

all targets single-target stimulation compressed sensing
R2=0.91, Jaccard index=0.78




Photocurrent removal using NWD

a Single-target stimulation PSCs, sorted by largest photocurrents
Target 453 (27 um) Target 411 (29 um) Target 507 (15 um) Target 681 (19 um) Target 520 (160 um) Target 221 (136 um)
80 Not connected 80 Not connected Not connected 80 Not connected Not connected Connected
Se0{ &
T 40+
o
= 20 1
© 0
Time (ms) Time (ms)
b Single-target stimulation PSCs, sorted by proximity to electrode
Target 601 (11 um) Target 617 (12 um) Target 523 (13 um) Target 507 (15 um) Target 681 (19 um) Target 675 (21 um)
50 Not connected Not connected Not connected Not connected Not connected 50 Not connected
<
£ 40
c
220
-
O 0-
Time (ms) Time (ms) Time (ms) Time (ms) Time (ms) Time (ms)
Ensemble stimulation PSCs, sorted by proximity to electrode
Target 601 (11 um) Target 617 (12 um) Target 523 (13 um) Target 507 (15 um) Target 681 (19 um) Target 675 (21 um)
180 Not connected Not connected Not connected Not connected Not connected 180 Not connected
2
= 120 1
c
o 60 -
=
@) 0 -
Time (ms) Time (ms) Time (ms) Time (ms) Time (ms) Time (ms)
All targets J Single-target stim. connections N Ensemble stim. connections | Total current evoked

during stim window (raw)

Total current evoked
during stim window (after NWD)
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