Characterization of neuron physiology by regression
of its time-dependent response with CNN

Target audience : physicists & ML experts
Summary: work in progress, new problems as we drill deeper - very exciting !!!

e \Whatis a neuron? Collaboration with

e Neuron simulators/ training data set balewski@Ibl.gov

e ML objective

° Designed ML mOdel #1 ~ Anand Siththaranjan
e Random Hyper-param scan Pl _|KhistaterSauchand
e ML model #693 - hard case predictions @ Vyassa Baratham
e ‘Adversarial’ predicting HENRY KYOUNG

e Living cell measurement and analysis [Ben-Shanm, Roy ]
e Outlook
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lon channels control electrical properties of neuron
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Why understanding ion channels is important ?

* There is a need for experimental techniques to measure
distribution of ion channels, it will help us understand better
how neurons work.

Electrolyte flux Na* Ao
. Na*—K
* Channelopathies Intracellular f\ Ca2* a
) Epllepsy Cell membrane l { l it
* Autism E O i e
Extracellular K* K

» Accurate neuron models can help in find targets for
treatments

e Build better neuronal networks that simulate neuronal circuits
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Neuron response simulators

a) Izhikevich: point cell b) Hodgkin—Huxley: c) Mainen: simplified
. - ball with 2 sticks cell cell morphology ;
v'=0.04v=+5v +140-u +| geometry /
u'=a(bv -u) .
ifv=30 mV, %():
thenv~c, u~u+d
I=0C, d‘:t + 9K (Vin — Vi) + gxa(Vin — Viva) + 9t(Vin — Vi)
regular spiking (RS) intrinsically bursting (IB) chattering (CH) fast spiking (FS)
wl S AN M W JL/JWUUUUJU)
)|
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Compartmental cell model (Mainen)

Influence of dendritic structure A. Characterized Neuron
on firing pattern in model
neocortical neurons

I
Zachary F. Mainen* & Terrence J. Sejnowski J S

Howard Hughes Medical Institute, Computational Neurobsology Laboratory, 25 um
Salk Institute for Biological Studies, La Jolla, California 92037, and
Department of Biology, University of California, San Diego, La Jolla,

Califomia 92093, USA
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Stimulus: ‘reset’+chirp

A. Characterized Neuron

b T
—_—
INPUT
Stimulated
i spikin
self-spiking
**1  hyper-polarization (if any)
W (no spiking) '

Range used for ML training
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Cell response to stimulus depends on its properties

u:0.21, 0.29, 0.63, 0.40, 0.92, 0.: U:0.94, 0.95, -0.11, -0.31, 0.88,
1 ‘ 1 1 1|
0§ : ' : %0 - : -
! ! ' 1
20 - ' » : 20 - : T
] | | . )
1 | 1 1
—20 | ! 1 —20 S 1
| | - '
=40 1 ‘ ! ' : —40 i i
1 1
L{ : : \ : 1|
—80 ) —t 1 —80 1 i 1 I
| l 1 | 1 | 1 1 ‘
0 5000 10000 15000 0 5000 10000 15000
time bin, QA:1 time bin, QA:1
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ML training objectives

1.  Map 1D time series of cell response to handful of ion channel conductance
params describing the cell properties (in a framework of specific cell model)
Provide error for predicted params ( by training an ensemble)

Provide ‘out-of-range’ warning for a-typical time series (e.g. experimental data
can be corrupted)

w N

random

[ simulator ]—» .
Neuron computation
params
I E:> i Trained
stimulus ML o

>
_______ response [_':j Labeled

dataset

' | prediction

____________________________ Q evaluation

simulator
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Data curation (X)

Traces (time dependent neuron response)
e raw range [-80,+50] mV
e Domain expert: amplitude of spikes has low information content
e Mapping: X'=1log10( X+81/mV)

- X scaled
X original
id8539 U:-0.06,-0.87,0.61,0.28.. id8539 U:-0.06,-0.87,0.61,0.28..
50 2.0
25
o 2 151
S 0 N w
2 20
g 25 g
£ 5
~50 - 0.5
-75 0.01
0 20 40 60 80 100 120 140 160 0 20 40 60 80 100 120 140 160
time (ms) time (ms)
id551 U:0.84,0.38,-0.84,-0.65.. id551 U:0.84,0.38,-0.84,-0.65..
50 1 2.0
25 - Al ‘ r
15 - | ,
. LA i ‘
il Z 101 ‘ il
& -25 2
£ §
-50 0.5 -
=75 A 0.0 1

T T T T T T T T T
0 20 40 60 80 100 120 140 160
time (ms)

0 20 40 60 80 100 120 140 160
time (ms)
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Data curation (Y)

Cell params: lon channels conductances , gna_cdend i 250 S/om2
membrane resistance, m. capacitance, etc. gna_node 19,000) 90,000 Some
e raw range of phyPar is diverse gna_soma 10| 80,000, Sicm
° N unitPar range iS [_1 ,1] gkv_soma 100 2,000 S/cm2
gkm_dend 0.05 0.20 S/cm2
gkca_dend 1.5 6 S/icm2
gca_dend 0.15 0.60 S/cm2
c.m 03 1.5 uF/cm2
m 15 60 kOhm*cm2
gna_dend gna_node gna soma gkv_axon gkv_soma
2000
5 200 3 B 35 50000 E 4000 3
[13] 1 18] (i3] m
2 100 a 0000 @ 25000 5 > 1000
2 2 2 2 2000 2
a a 25000 a a a
0 T T T T 0 T T T T 0 T T
-1 0 1 -1 0 1 -1 0 1 -1 0 1 -1 0 1
Upar-0 Upar-1 Upar-2 Upar-3 Upar-4
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1D Convolutional Neural Network

WW)\M Input: cell response
9000 floats, 1D vector $ cat hpar_cellRegr_cnn1.yaml

T 1 R S SO Se— | amplitude normalized # CNN params
' ' : conv_filter: [6,12,18,24,30,36]

0 2000 40l00 6000
time bins .
conv kernel: 5
@ few CNN blocks conv_repeat' 2
: 7 . * local reception filed, kernel=5 = '

ool_len: 3
* activation=LeakyRelLU PooL
* maxPool

' ©000000d # FC params

\/ Flatten

‘i © 00000

fc_dims: [20, 10, 10]
lastAct: tanh
outAmpl: 1.2

few FC blocks dropFrac: 0.02

* Dense(act=LeakyRelLU)

* Dropout(0.01) # training

lossName: mse

Output K floats: gna_dend optimizerName: adam

gna_node gna_soma ....
Dense(K, act=1.2*tanh)
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v'=0.04v2+5v +140 -u +|

u'=a(bv -u)
if v=30 mV, "
thenvec, u~u+d

u(t)

decay A
0.10 1 dom=tes 7
- / 20
m 4 2,
£ ] g2
v 0.05 v
g o 3
: -

4"rN0=0.986 +0.005

0.05
pred (ms)

res: -5.9e-05+/-0.0045
decay Al

0.10

100
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50

L
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pred-true (ms)
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true (mv)

traces

ML model #1 results

4-params lzhikevich neuron simulator

+—— peak 30 mV

reset d_ With rate a
\ ar e
sensitivity b
reset C reset D
:f 30 101
5 20
-60 1 20 g 5
10 3 10
80 | h0=0.997 +[70.002 = 0=0.995 +/10.003
-8 60 510
pred (mv) pred (mV)

res: 0.0094+/-0.68 res: -0.015+/-0.27
200

200  eset € j'l reset D I
100 100 1 I

LA

traces

0.4
0.2
0.‘2 0f4
pred (1)
res: -0.00084+/-0.011
sens B Jl
100
0 T
-0.05 0.00 0.05
pred-true (1)

=5 0 5 =2 0 2
pred-true (mv) pred-true (mv)
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10 params Mainen ‘morphological’ simulator

res: 0.00077+/-0.065

qca_dend

1000

res: -0.0016+/-0.12

gkv_sor gca_den
" » 4000
& 5000 8
g § 2000
0 0
=05 00 05 =05 00 05
pred-true (a.u.) pred-true (a.u.)
gkea_dend depth_cad cm m
4 /| 300 14 1500 1
1000
200 g 0 1000 s 0
0w 50 500
003 ;| ffo=0999 410000 #0.993 +[40.001
a0 1 a0 1
pred (a.u.) pred (a.u.) pred (a.u.) pred (a.u.)
res: -0.0064+/-0.41 res: -0.0051+/-0.41 res: -0.00063+/-0.037 -~ Ores: -0.00067+/-0.07
kea deptt cm m
10009 o 10001 v 100007 .
500 £ 500 £ so00 £
0 0 0= T 0-
=05 00 05 =05 00 05 =05 00 05 -05 00 05
pred-true (a.u.) pred-true (a.u.) pred-true (a.u.) pred-true (a.u.)
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Random search of ML hyper-parameters

$grep np.random genHPar_CellHH.py

np.random.seed() # set the seed to /dev/urandom $cat hpar_ceIIRegr_693.yamI
numLyr=np.random.randint(2,8)
filt0=np.random.randint(2,21) # CNN params

filtincr=np.random.randint(0,8) TP
kern=np.random.randint(3,8) ggzx—ﬂleti:'erg’ 29]
pool=np.random.randint(3,8) - i 1
repeat=np.random.randint(1,4) Con\I/_Irer?eat. 3 IMl ll ‘I F N.g

numLyr=np.random.randint(2,8) pool_len: 7 L
fitEnd=np.random.randint(nOut,51)

—n
AND THE ©

filtincr=np.random.randint(0,20) # FC params
#lastAct=str(np.random.choice(['linear','tanh'])) dropFrac: 0.01
#ampl=np.random.uniform(1.0,2.0) fc_dims: [148, 131, 114, 97, 80, 63, 46]
dropFrac=float(np.random.choice([0.01, 0.02, 0.05])) lastAct: tanh

#loss=str(np.random.choice(['mse','mae'])) outAmpl: 1.2
opt:str(np.random.Choice(['adam',‘nadam"adadelM
BS=1<<np.random.randint(4,8) # training
IrReduce=np.random.uniform(0.2,0.8)"2 St e 29

while True: # reject invalid models Iosth.ame’\; mae. d
hpari=get_CNN_HPar() optimizer ?me- acam
if isValid_CNN_HPar(args.ninpFeat,hpar1) : break reducelR_factor: 0.14
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Golden-model 203

Loss-ranked list of 400+ scanned models, top 130 w/ loss<0.1 shown

Hyper-param scan (checked 400+ models

80
17.5 4 80 4
15.0 1 p=132 204
15.0 .. .
1251 Training Model 60 Has training
5 22 g i 1 ol B converged
10.0 4
- 8 10.0 time (mm) depth 0 9
7310 o 754 10 40 1 1:yes
5018 :
5.0 54 204 20
2.5 2.5
0.0 4 T T T 0.0 T T T 0= T U 0- T T 0Lt T T
0¥25 0.0 0.075 0.100 100 150 200 20 40 60 0 1000000 2000000 0.0 0.5 1.0
valLossMSE fitMin modelLayerCnt modelWeightCnt earlyStop
Top-3 contenders: 71443_410, 71443_335, 71047_203
had initial losses of 0.026, 0.037, 0.040
1 valLos loss early batch pool
design sMSE valLoss Koff Name Stop epochs fit(min) optimizer  #param(k) flatsize #layer size conv_filter kernel len fc_dims dropl
2 |71443_410 0.026 0.026 2 mse 0 49 2141 adam 458.6 2750 58 256 (3, [19, 28, 37, 46, 55]) 7 3 [105, 87, 69, 51, 33, 15]
3 71443 335 0.037 0.037 7 mse 1 62 185.4 nadam 288.6 6920 31 64 (2,[13, 22, 31, 40]) 7 3 [36, 26]
[ 4 71047_203 0.04 0.04 3 mse 0 36 192.6 adam 106.4 460 42 16 (2, [18, 25, 32, 39, 48]) 6 4 [80, 63, 46, 29]
5 71047_50 0.041 0.122 2 mae 0 47  219.4 nadam 734 6630 45 64 (3, [15, 23, 31, 39]) 74 3 [99, 80, 61, 42]
6 71047_196 0.041 0.121 4 mae 1 78 218.9 adam 110.7 539 42 128 (2, [17, 25, 33, 41, 49]) 5 4 [82, 69, 56, 43]
7 71047_212 0.043 0.116 4 mae 0 63 216.9 nadam 110.3 328 51 256 (3, [20, 27, 34, 41]) 5 6 [101, 86, 71, 56, 41, 26]
8 71443_246 0.045 0.046 6 mse 0 41 201 nadam 52.8 1449 32 16 (3,9, 16, 23]) 7 6 [25,18]
9 71443_437 0.045 0.045 5 mse 1 62 146.9 adam 92.9 784 44 64 (1,[14, 21, 28, 35, 42, 49]) 7 3 [58, 51, 44, 37, 30, 23, 1€
10 71443_242 0.049 0.054 2 mse 0 43 220.2 adam 486 6600 35 16 (3, [16, 23, 30]) 7 4 [68, 52, 36]
1 71047_216 0.05 0.128 0 mae 1 68 166.1 nadam 78.9 1014 35 128 (3, [10, 18, 26]) 6 7 [57,41,25]
12 71443_321 0.053 0.053 1 mse 1 70  139.3 nadam 126.8 1350 29 64 (1,[19, 21, 23, 25]) 74 4 [77,67,57,47]
13 71047_211 0.056 0.056 3 mse 0 52 221.5 nadam 793 1512 31 16 (2, [19, 22, 25, 28]) 4 4 [41, 26]
14 71047_239 0.057 0.148 7 mae 0 48 2256 adam 163 800 54 32 (3, [19, 26, 33, 40]) 4 5 [106, 96, 86, 76, 66, 56, <
15 71443_324 0.057 0.142 4 mae 0 67 228.4 adam 312 3534 41 64 (3,[17, 24, 31]) 3 5 [80, 69, 58, 47, 36]
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Frac
0.01
0.01
0.02
0.02
0.05
0.01
0.01
0.01
0.01
0.01
0.02

0.1
0.05
0.02

lastAct
tanh
linear
tanh
linear
linear
linear
linear
tanh
tanh
tanh
tanh
linear
linear
tanh

The meaning
MSE=0.055
3:gkv_axon

4000 7
f 200

l

E ]
E 2000 100

P
J
/il

0 T
0 2000 4000
pred (S/cm2)

res: -15+/-9.4e+02

-

500

traces

0 B
-1000 0 1000
pred-true (S/fcm2)

of loss

true

traces

MSE=0.024

3:gkv_axol
4000 1 7

2000 1 200

0 T !
0 2000 4000
pred (S/cm2)

-0.71+/-5.2e+02
2000 gkv_ii

1000

0

-1000 0O 1000
pred-true (S/cm2)

res:
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Stability of top 3 ML models

3.0 4 3.0 12 4
_410 : large spread of loss s " 25 10
4 of 16 timed out (diverged ?) 201 2.0 8
1514 1.5 4 6
1.0 4 1.0 44
0.5 1 0.5 1 2
0.0 T T T 0.0 T T T 0+ T T
0.06 0.07 0.08 180 200 220 -0.5 0.0 0.5
valLossMSE fitMin earlyStop
2.04 1.04 5
n=7
_ 335 : huge spread of loss 15 ] 081 1
2 of 16 not converged yet (good!) o 05| 3
0.4 24
0.5
0.2 1 149
0.0 T T T T 0.0 T T T 01+ T T
0.25 0.50 0.75 1.00 100 120 140 160 0.0 0.5 1.0
valLossMSE fitMin earlyStop
203 : narrow spread of loss / *7 P > °
2.5 2.5
6 of 16 not converged yet ol N #1
(very good!) ]
1.0 1.04 “1
051 0.5 21
0.0 T T T 0.0 5 T T T 01 T T
0.07 0.08 0.09 150 175 200 225 0.0 0.5 1.0

K valLossMSE fitMin earlyStop
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Model-693 predictions for a hard case

ML-predictions for 10-param HH

gnabar_soma (p=0.989)

gnabar_apic (0=0.998)

101

0.5

0.0

truth

—0.5 4

—1.0 A

gnabar_basal (p=0.945)

gkbar_soma (p=0.956)

101

0.5

0.0

truth

—0.5 4

-1.01.

gl_soma (p=1.000)

1.0+

0.5

0.0

truth

—0.5

—1.0

( gcabar_basal (0=0.498) \

i

RMS
18 0.02

prediction
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prediction

prediction

Roy Ben-Shalom, Kevin Bender’s Lab, UCSF

Apical dendrite

Length = 10x soma radius

Radius = 1/10th soma radius

Correlation between residua of predicted parameters

& 0.0 0.0 -0.0 -0.0 -0.0 -0.0 0.0 -0.0 -0.0

&

S

K
. . >y o > " N
5 S &S S A &

A & ¢ & ¢
s § s § § § ¢ §
«— Soma

Radius 10.5 um

< 2 Basal dendrites of same properties

Length = 1/4th apical length
Radius = apical radius
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‘Adversarial’ predicting (setup=Mainen)

Input traces from Mainen 10param, scaled for ML, random sample

Model was trained Of train+val data id73 U:0.15,-0.73,0.09,-0.99,-0.72,0.77,-0.60.. id21 U:-0.15,0.31,0.85,0.65,0.87,0.80,0.67,0... id348 U:-0.88,-0.26,0.30,0.37,-0.47,0.68,-0.5..
2.0 —— stim0 2.04 — stim0 2.04 —— stim0
Predict 10 params for ‘test’ data. 5t 5 57
. B 1.0 210 alo0
No comparison to truth. 5 e 5. 5 ]
Show : 1D distribution of params and oo 00 i)
2D Correlatlons between palrS Of params 0 2000 2:):]2 bins 6000 8000 0 2000 t::):]l; bine 6000 8000 0 2000 l:(])nﬂqz bins 6000 8000
Uniform is good.
pred Z (a.u.) pred Z (a.u.) pred Z (a.u.) pred Z (a.u.) pred Z (a.u.)
14 1 14 " - 14 p ] - 30 1 = 25
: = § g | BEHEE |l 3] R . | e | Note, the last layer of ML-model has the
g o 20 g 0T L { g o I =0 -':q_ir=.-=- s
& E) S L - L 3 & - H H * H
A ©E ] v | Bk T i_u o | g A . activations 1.2* tanh, yet predictions are
R S LT S T 1 LR S I confined to range [-1,1] - this is good too.
2: gna_soma 4: gkv_soma 6: gkm_dend 8:c.m
ol o]l L
- i .
-1 0 1 o -1 0 1 . -1 0 1 -1 0 1
1: gna_node (a.u.) 2: gna_soma (a.u.) 3: gkv_axon (a.u.) 4: gkv_soma (a.u.)
SR IREET T Y ST
w 150 4 i @ w
H 5 H
50 50 50
o4 0- 0

-1 o 1 =1L 0 1 -1 o 1 -1 0 1
5: gca_dend (a.u.) 6: gkm_dend (a.u.) 7: gkca_dend (a.u.) 8:c_m(a.u) 9: rm (a.u.)
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Adversarial predicting: input=Hodgkin—Huxley

Input traces from HH_2dend_10param

scaled for ML, random sample

id39093 U:0.30,0.29,-0.32,0.94,0.24,0.29,0.49..

id28361 U:-0.20,-0.42,0.69,0.18,0.68,-0.70,0...

2.04 —— stim0 2.04 —— stim0
. . i 157 4 157
Mainen-trained model 2
4 L0+ = 1.0+
H . £ £
Predict 10 params for HH traces: 8 sl 8 o5l
- Some predicted values are 00 004
T T T T T T T T T T
H 0 2000 4000 6000 8000 0 2000 4000 6000 8000
phySICaI time bins time bins
pred Z (a.u.) pred Z (a.u.) pred Z (a.u.) pred Z (a.u.) pred Z (a.u.)
il 330 1] ATk 200 1T T 00 4 200 14
3 g L] i56 £ H' ] 150 Aeea
2 ol o wo F 3, o % 200 % £,
2 z 9 100 § ° g Y 00 5 O]
2 ﬂ' 0 aat & 00 © 500
AR | L b so A ] R 50 - 5
e i r s -
-1 0 1 -1 0 1 -1 0 1 -1 o0 1 -1 1
0: gna_dend 2: gna_soma 4: gkv_soma 6: gkm_dend = m
300 F F
I 800 4 j 1500 i d_[ 1000
i | 1
0 200 4 i I y 600 1 » 1000 g 2 e
2 J & ||I_ & I & J g s00
o @ 400 4 o 7} o 9
% 100 H i 8 00 % 100 H ||
04 o 04 04 0 JL—v——v—
-1 0 1 -1 0 1 -1 0 1 -1 0 1 -1 0 1
0: gna_dend (a.u.) 1: gna_node (a.u.) 2: gna_soma (a.u.) 3: gkv_axon (a.u.) 4: gkv_soma (a.u.)
3000
800 - I | a0tk | 1 |
| 1000 Ik | 1000 1
4 600 4 a 2 300 " @ 2000 "y
@ @ @ @ @
: : AN | ! | ;
§ 400 # 5004 K H I“ % 1000 7 500
200 1 5 100 4 I
-1

~1 0 1 -1 [ 1

5: gca_dend (a.u.) 6: gkm_dend (a.u.)
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7: gkca_dend (a.u.) 8:c_m(a.u.)
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9:rm (a.u.)
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id17474 U:-0.99,-0.27,-0.84,0.64,0.85,-0.04,-..

2.0
un 1.5 1
0
Lt
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©
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0.01 T T T T T
0 2000 4000 6000 8000
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Adversarial predicting: input=Izhikevich

Input traces from Izhikevich 4 parameters, scaled for ML, random sample

id5613 U:0.46,-0.91,-0.23,0.51.. id21278 U:0.77,-0.12,0.53,0.89.. id49071 U:-0.37,0.57,-0.12,-0.11..
2.0 —— stimo 2.0 4 —— stim0 2.0 4
w 15 » 15 n 151
; 5 ;
i H = 1.0 = 1.0 = 1.0
Mainen-trained model 5 10 5 10 s
& @ @
1 1 1 . 0.5 0.5 1 0.5 4
Predict 10 params for Izhikevich traces: -
. 0.0+ 0.0 1 0.0 1
= PredICted Values are mOStIy -1 '2 0 2000 4000 6000 8000 0 2000 4000 6000 8000 0 2000 4000 6000 8000
g . time bins time bins time bins
or +1.2 -itis non-physical
pred Z (a.u.) pred Z (a.u.) pred Z (a.u.) pred Z (a.u.) pred Z (a.u.)
NEERIEN R 1 [=eegs 4000 N w000 [ma o« ][00
2 3000 § “|[f3000 2 3000 2 5500 4
2 : : 8 g .
04 2000 !0 2000 LI 2000 ©= O = 07 H 1 *
g z : g § 2000 5 ' activations 1.2* tanh
A 1000 @ 1 1000 & 1000 1000 1000
-1 17 1 T - i T
10 1 a0 1 10 1 10 1 a0 1
0: gna_dend 2: gna_soma 4: gkv_soma 6: gkm_dend 8:c.m
4000 | 2000 5 2000 ] 1 4000 4000 4 |
., 3000 4 » 3000 - I » 3000 4 I , 3000 1 ,, 3000 1
g g I g I g 2000 g 2000 |
@ 2000 4 o 1 o 1 o @ -
H £ 2000 I £ 2000 I H H |
1000 - 1000 I 1000 I 1000 1000 |
0 - r - 0 - - 0 - - - o1 - - 0l - -
-1 0 1. -1 0 1 -1 0 1 -1 0 1 -1 0 1
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Experimental data from pyramidal cell

Current clamp recording from acute slices, find and
measure from tufted pyramidal neuron

data=041019A_2

R4

\

Roy Ben-Shalom - 1st
Post-Doctoral Researcher

ampl (mV) + arb. offset

San Francisco Bay Area

Stimulus duration 300ms
(shown X-axis: 180 ms)

—100 4

1204 iti ~ Current clamp: :
120 Repetition rate ~1Hz e INPUT Controlled current source (nA)%:,g-»

-

° Output Measures voltage (-70 mV)

s e
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T T T T T
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time bin
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Who is the observer?

X 1
X 2 T .
¥ Axon Terminals
-
Experiment - -
Current clamp: K
e INPUTX 5 Nucleus on
e  Output act(sum(X))
Dandrites
Neuron

Inputs

.

Office of
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ampl,2org

ampl,2org

US. DEPARTMENT OF

ENERGY Science

Experiment .NE. simulation

Zoom-in, experiment sweep 204
-105 . : - - : -

—110 4
=115
—120 4
-125 1
_130 T T T T T T
0 100 200 300 400 500 600 700
time bins
e e
—110 +
_115 1 experiment sweep 17
12 has some high freq. noise
=125 41
_130 T T T T T T
0 100 200 300 400 500 600 700
time bins

Office of

ampl,as-is

Jan Balewski, NERSC, LBL

Width of spikes differs
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Experimental data analysis

data=0410

id

,_
0
>
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(b) Experiment evaluation
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ampl (mV) + arb. offset
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chirp .
stim Neuron (connectivity)

is changing as function of time !
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Predicting cell A params using Izhi ML-model

041019A 1-ML203b_izhi_4pvéc

~ 1 32 ML predictions per
s \> sweep
<, oA
g Average +/- rms
-1 \(plotted for every 8th
' ' ' ' ' ' sweep)
1
= o
-1
£ -1
E) 5‘0 160 15’0 260 2%0
sweep Id
US DEPARTMENT OF oﬂ- f recees "l‘
ENERGY ccone  Jan Balewski, NERSC, LBL Roy Ben-Shalom, Kevin Bender’s Lab, UCSF July 2018 —




|zhi traces with for params <10% off ML pred.

- data=out_cellA//04T019A4_1-ML2 33t:_i;_ihi_
P N2 N VAV V. V.Y ~_
200 \ Stimulus
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(I) 20:30 . 40‘00 6000 80‘00

time bin

e
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Summary

e CNN-based ML-model is capable to regress
time-dependent response into 10-param neuron
model

e K-fold training provides a measure of error of
prediction

e Improvement is needed:

Cross-model predictions

Tuning simulator to experimental data

More experimental data, more QA

Comparison of ML vs. standard methods

(MOO, eFEL) Shdeswe] eoBind .

Cursors

O O O O

50

0 B I

£ 50

-100 H

-150
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Backup
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Accuracy vs. input size

*) the range [0.11, 0.29] sec, aka [5.5k,14.5K] , delta=9000bins = 180ms,

*) training data: mainein_10p26 data , chirp23a, use 1M traces
Method:

Fix model: 203d

e Vary input size: 1M, 500K, 200k, 100k, 50k
e  Train 32 models using 8 kfolds until convergence
e  Compute test loss after the training for 50k events
Job ID | Input size | Avr Avr train Typical rmsErr
lossMSE | time gkv_axon
75914 | 100k 0.056 55 min 48%
76057 | 200k 0.040 90 min 38%
76016 | 400k 0.030 160 min 31%
75946 | 800k 0.024 280 min 27%

US DEPARTMENT OF
© ENERGY 22

Office of
Jan Balewski, NSD, LBL

learning rate

= e
o o

1
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Roy Ben-Shalom, Kevin Bender’s Lab, UCSF

Example training on 800k traces
cellRegr_71047_203d, train 300.9 min, end-val=0.0237

I T R A IR I train fit n=762064 _

4. —=— val n=108462

____________________

____________________
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W —e— learn rate
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