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Background

Computation modeling of sensory circuits

» Hypotheses, in-silico validation, neural information

processing mechanisms ...

SN e s e o =

» Building Al algorithms (CNNs, Attention ...)

» Brain-machine interface, neuroprosthetics ...

Image source: Jacob Granley 2022

@® Yamins, Daniel LK, and James J. DiCarlo. Nature Neuroscience, 2016.
@ Doerig, Adrien, et al. Nature Reviews Neuroscience, 2023.

® Turner, Maxwell H., et al. Nature Neuroscience, 2019. 14



Background

Problem to solve: A computational model for the

natural stimuli-neural response mapping

Challenge: these neural circuits involve numerous

complex nonlinear processes.

Solution: Artificial neural networks
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RNN 1 RNN 2 Nonlinearity B Individual to each cell

Up U2 w
LT
|
Amoge _z N
log(1+eX)

AV AVAN

B)
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I Motivation
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Limit 1: Lossy Target

Most of the existing works focus on
simulating the firing rates directly.

Firing rates only characterize some
aspects of the original spike train, as a
trial-averaged spike statistic.

@ Gerstner, Wulfram, et al. PNAS, 1997
@ Gerstner, Wulfram, et al. 2014.

Spike trains of multiple trials
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Image source: Rimjhim Tomar, 2019



Motivation

Limit 2: Unnatural Paradigm

Pre-defined fixed-length temporal filters: “ Unnatural paradigm

 Bio-unrealistic

* Introducing more hyper-params long stimuli sequence
} split
short stimuli sequences

@ predict (separately)
: Y 16 | 01 | 2.4 | 65
single step firing rates 72 | 11.2 | 08 | 17.9

* Inflexible

< Natural paradigm

‘ concat ‘ 3.6 8.3 5.2 0.1
i : firing rate sequence §I (o1 [ o8 [ 01 ] 10
long stimuli =
sequences
l test seq. length*: fixed, pre-difined at the model learning phase
response
sequence

test seq. length*: flexible, can be any length




Methodology: Problem formulation
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Problem:
Modeling neural response to natural stimuli (visual stimuli in this work)
Formulation:

A sequence of visual stimuli: x = (%;)s—1...7,%X; € RImx]

Neural poputation sequence (as our model's target): y = (y;) € {0, l}T"dim[Yfl , dim[y;] = number of RGCs

Latent neural codes, latent neural factors: z = (z;)

At time t:
Compressive Predictive
mapping mapping
Xt — Zy —_—> Vi
Visual stimuli Latent neural Neural response
codes

@ Chalk, Matthew, Olivier Marre, and GaSper Tkacik. PNAS, 2018.
@ Alemi, Alexander A., et al. ICLR, 2017.



To Tackle Limit 1 (lossy target)

RNN Generated Y.t
o : ;: .
Visual Stimuli X4.1 / \ 2 S
Spiking Neuron L Spiking Neuron gl G =
Network Encoder Network Decoder y B i R SR \
§ o Spike Train
O g < - Recorded y .1 Dissimilarity
@ =
5 COu =
g — o i (7 i % St ~ :/
® % z 2 @ [ -
= w ® (% 8 AL
3 - —l
W 8L
Virtual RGCs time

@ Akbarian, Amir, et al. Nature Communications, 2021.
@ Gregor, Karol, et al. ICML, 2015.



To Tackle Limit 2 (unnatural paradigm)

C Temporal
Visual Latent Neural Population | ol ;
Stimulus ~ Variable  Response — C°“g'r‘i:§’r“'"9 — — Inference — — Generaton — —— Update —
Xp—>2Z, Z—sy, Xt
prior
/ &y
h h, h, h,_—h,
Hidden State (Sensory Memory) p(z,1%4.,.1) q(z,1x,.,) P(y, 124 Xq.0.1) h, is a function of X,
-, >

KL Divergence

@® Chung, Junyoung, et al. NeurlPS, 2015.
@ Whittington, James CR, et al. Cell, 2020. 7



Experimental Results 1

TeCoS-LVM Models Accurately Fit Real Spike Activities and Statistics

time
—

3 % S L20
8§ :
L > = lO TECOS-LVM (~0.21M params) CNN (~0.69M params)
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i
-
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Figure 1. Firing rate prediction Figure 2. Firing rate prediction CC score comparison.

visualizations.



Experimental Results 2

TeCoS-LVM Models Accurately Fit Real Spike Activities and Statistics
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Figure 2. Spike train dissimilarity score comparison.

pike train dissim.

TECOS-
LVM Noisy

TECOS-
LVM
il

Example neuron

o
(8]
(2]

firing rate (Hz) 33]

. 3 o _:,1:. ::.a 0 e 1 [
(z) 30] . =l
0' g L SR TR A
TECOS-LVWM Noisy ;i G iy &' [ 1 [ {1

. : .!. - Iv. ...'.: 30 . - . » e - L) . L

E ; .I. _:r‘r .. 0] | [ .I I
DG e rRE TECOS-LVM ARl |' ] |: | F | | ]
(@] ' W i r'-’": v -

Figure 3. Multi-trial prediction rasters of an example

Figure 1. Spike train prediction rasters.
neuron. 9



Experimental Results 3

| Retina 1 TeCoS-LVM = TeCoS-LVM Noisy
Mov1 Ret1 Mov1 Ret2 Mov2 Ret1 Mov2 Ret2
c
0.16 2 0.76l 0.88 0.72 0.86
(7)) o) Bp 5N l. lH—-__../- l
Q2 5 068 0.80 0.64 0.78
a " O 062 0.70 0.54 0.64
2 042 I~y A\ § |
o § 052 0.60 0.44 0.56
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) Q
S £ 0.081 :
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Figure 1. Spike autocorrelograms. Firing rate-
targeted approaches loss spike autocorrelation
information.

Figure 2. Learned TeCoS-LVM models generalize
to longer time scales.
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Experimental Results 4

SSIM = SSIM(x,, X,.,)
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Table 2: Ablation results of using spiking hidden neurons. An T indicates that the higher the value,
the better, while a | suggests the opposite. Results reported are averaged across multiple trials.
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Experimental Results 5
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Thanks for listening
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