NeMoS Advanced:
GLM-HMM

Sarah Jo Venditto AL T 0T



Burgess et al 2017
IBL et al 2021




Burgess et al 2017
IBL et al 2021

=\

7N




Burgess et al 2017
IBL et al 2021 \ ////




Burgess et al 2017 T
IBL et al 2021 \ 77




Burgess et al 2017 i
IBL et al 2021 \ ) /Y




Visual Two-Alternative Forced Choice Task (2AFC) [@] FLATIRON

Burgess et al 2017
IBL et al 2021




Visual Two-Alternative Forced Choice Task (2AFC)

Burgess et al 2017

IBL et al 2021

Single trial:

\

i)
\J

VA

Pre-stimulus
quiescence
(= 200 ms)

X

TTTTTTTTT



Visual Two-Alternative Forced Choice Task (2AFC)

Burgess et al 2017

IBL et al 2021

Single trial:

\

i)
\J

VA

Stimulus
onset

Pre-stimulus
quiescence
(= 200 ms)

)

0

X

TTTTTTTTT



Visual Two-Alternative Forced Choice Task (2AFC)

Burgess et al 2017

IBL et al 2021

Single trial:

\

SV

Stimulus
onset

0

X

Pre-stimulus
quiescence
(= 200 ms)

Decision report

Stimulus moves with wheel

(animal timed)

)

TTTTTTTTT



Visual Two-Alternative Forced Choice Task (2AFC)

Burgess et al 2017

IBL et al 2021

Single trial:

\

Stimulus
onset

0

SV
X

Water _4
reward

Pre-stimulus
quiescence
(= 200 ms)

Decision report

Stimulus moves with wheel

(animal timed)

)

TTTTTTTTT



Visual Two-Alternative Forced Choice Task (2AFC)

Burgess et al 2017

IBL et al 2021

Single trial:

\

SV
X

Stimulus Water Stimulus
onset reward offset
Pre-stimulus Decision report Correct feedback period (1000 ms)
quiescence Stimulus moves with wheel
(=2 200 ms) (animal timed)

)

TTTTTTTTT



Visual Two-Alternative Forced Choice Task (2AFC)

Burgess et al 2017

IBL et al 2021

Single trial:

\

SV

X

Stimulus Water _d Stimulus
onset reward offset
Pre-stimulus Decision report Correct feedback period (1000 ms)
quiescence Stimulus moves with wheel
(=2 200 ms) (animal timed)

)

ped )

TTTTTTTTT



Visual Two-Alternative Forced Choice Task (2AFC) [@]

Burgess et al 2017

IBL et al 2021

Single trial:

\

7\

Stimulus Water Stimulus
onset reward offset
Pre-stimulus Decision report Correct feedback period (1000 ms)
quiescence Stimulus moves with wheel
(= 200 ms) (animal timed) Incorrect feedback period (2000 ms)

)

ped )

End of
timeout

FLATIRON

I' NS TI TUTE



Mice perform hundreds of trials in a session,
seeing three types of trial blocks

Block prior
20:80
50:50
80:20

IBL et al 2021



Mice perform hundreds of trials in a session,
seeing three types of trial blocks

Block prior

20:80

eo— U U U L

IBL et al 2021

0 200 400

Trial number



Mice perform hundreds of trials in a session,
seeing three types of trial blocks
Block prior
20:80
50:50 /1
80:20 ‘ I—' U U —

(e
J

Righward choices
[ stimuli (%) 2

o

200 400

L
O =

Trial number

IBL et al 2021



TTTTTTTTT

Mice perform hundreds of trials in a session,
seeing three types of trial blocks

[ stimuli (%) 2

Righward choices

o
L
o —

200 400
Trial number

IBL et al 2021



Visual Two-Alternative Forced Choice Task (2AFC) [@]

Mice perform hundreds of trials in a session,
seeing three types of trial blocks

Block prior

— Uy U

20:80
50:50
80:20

100 -

—

Righward choices
[ stimuli (%)

o
L

IBL et al 2021

0 200

Trial number

400

Mice complete many sessions

throughout training

Q

100 -«

(o)
o

Performance (%)
on easy trials
S (o))
o o

0 20 40 60
Training day

Lab 1
15 mice

Lab 2
32 mice

Lab 3
35 mice

Lab 4
15 mice

Lab 5
14 mice

Lab 7
13 mice

FLATIRON

I' NS TI TUTE



Graphical Model: Modeling Observations [@] FLATIRON

Choose L Choose R Choose R Choose L

choice at choice at choice at choice at
trial t=1 trial t=2 trial t=3 trial t=4



Graphical Model: Modeling Observations

Choose L Choose R Choose R

choice at choice at choice at
trial t=1 trial t=2 trial t=3

) 0, 0,

Choose L

choice at
trial t=4

TTTTTTTTT



Graphical Model: Modeling Observations

Choose L Choose R Choose R

<.,

s o

choice at choice at choice at
trial t=1 trial t=2 trial t=3

) 0, 0,

likelihood of

all choices p(yl’ ) yT)

Choose L

choice at
trial t=4

TTTTTTTTT



Graphical Model: Modeling Observations

Choose L Choose R Choose R

choice at choice at choice at
trial t=1 trial t=2 trial t=3

) 0, 0,

T
et p(ys, e y) = | [po0)
t=1

TTTTTTTTT

Choose L

choice at
trial t=4

product of independent
choice probabilities



Recall: GLM [@] FLATIRON

Design matrix Input Linear Non-linear Poisson Spike times

a b c ///

—— a

R

o b»/\\ B>

. — @ —> — | Il

RN /\N T e
C

. . W, W, W,

time

time

firingrate=exp(a-w,+b-w,+c-w_)

probability(firing rate = k) = Poisson(k | firing rate)



Recall: GLM [@] FLATIRON

Design matrix Input Linear Non-linear Choices
a b c .

e
L|:_|I_| C/\/\,/ W, W, W, O

time



Recall: GLM [@] FLATIRON

Design matrix Input Linear Non-linear Bernoulli Choices

a b c

Choose L

time

T
Ll e

R NEEEP AL

tlme



Recall: GLM [@] FLATIRON

Design matrix Input Linear Non-linear Bernoulli Choices
a b c .

2l L))
Pl oA ?
D =l o~
L|L|L| cl\/\/ W, W, W, . O

time

average choice = logistic(a - w, +b-w,+c-w_)



Recall: GLM [@] FLATIRON

Design matrix Input Linear Non-linear Bernoulli Choices
a b c ]

Sy
T sv
l_|l_||_| c/\/\/ W, W, W, . o

time

average choice = logistic(a - w, +b-w,+c-w_)

probability(choice = k) = Bernoulli(k | average choice)



Graphical Model*: GLM [@] FLATIRON

a b c

1 00|
ol 0] 1] |
=N n
NN




Graphical Model*: GLM [@] FLATIRON

a b c

X

L
ol 0] 1] |
=N n
NN




Graphical Model*: GLM [@] FLATIRON

a b c X,
LI L L
£ | |I Il | W, W, W,

ol
NN




Graphical Model*: GLM [@] FLATIRON

a b c

L
ol 0] 1] |
=N n
NN




Graphical Model™: GLM

time

a b c

L) L L
| 0 1) |
HRn
NN

TTTTTTTTT



Graphical Model*: GLM [@] FLATIRON

a b c

BRI ?
LI
HRn
NN

time

> GLM




Graphical Model™: GLM

a b c

*

time

TTTTTTTTT

||

> GLM

> GLM

; O Y1

> GLM




Graphical Model*: GLM [@] FLATIRON

a b c

X1 X2 X3 X4
T II | ® ® ® ®
efl I | .
Nl
*| GLM *I GLM *| GLM » GLM




Graphical Model*: GLM [@] FLATIRON

I' NS TI TUTE

a b c

L L ?
| 0|
| 0|
| I

time

> GLM > GLM > GLM * GLM

4/

.,

likelihood of all
choices and weights p(yl’ e YT W)



Graphical Model*: GLM [@] FLATIRON

I' NS TI TUTE

a b c

L L ?
| 1] |
| 1 |
| I

time

> GLM > GLM > GLM * GLM

\ 4 A 4 \ 4 4
/i :/ y1 @ @ @ (N
~—7

product of choice probs.

T
likelihood of all — . .
choices and weights P()’p en yT; W) — ‘ ‘ p()’t |Xt, W) conditioned on predictors
t=1

and weights




I' NS TI TUTE

Graphical Model*: GLM [@] FLATIRON

a b c X, X, = o
| [ I I I | ® ®
off 1] 1) | Recall: GLM [@] FLATIRON
£
. | | | | | | Design matrix Input Linear Non-linear Bernoulli Choices
LI e Y
H I ”f/\\_,ll_!‘_,@_, L =
gl " )
v v L c _\ W, W, W, O
*| GLM *| GLM
average choice = logistic(a - w,+b - w,+c-w,)
7. < ~ probability(choice = k) = Bernoulli(k | average choice)
o_® () i
~——7 NS

T (
likelihood of all product of choice probs.

choices and weights p(Y1l e YT W) — ‘ ‘ p(yt |xt’ W) conditioned on predictors

and weights
t=1



Graphical Model*: GLM [@] FLATIRON

I' NS TI TUTE

a b c

L L ?
| 1] |
| 1 |
| I

time

> GLM > GLM > GLM * GLM

4 ) 4 4 y
'O ® ® O -

likelihood of all product of choice probs.

choices and weights P()’1, ey yT, W) — (W) 1_[ P(Yt |Xt, W) conditioned on predictors

and weights

prior on GLM welghts
(e.g. regularization)



Graphical Model*: GLM [@] FLATIRON

I' NS TI TUTE

a b c

X;
L L ?
| 1] |
| 0] |
| I

time

> GLM > GLM > GLM * GLM

i“? 4 \ 4 4 4
=0 ® ® -

likelihood of all product of choice probs.

choices and weights P()’1, ey yT, W) — (W) 1_[ P(Yt |Xt, W) conditioned on predictors

and weights

prior on GLM welghts
(e.g. regularization)



Modeling sequences: Markov Model [@] FLATIRON

O ® O



Modeling sequences: Markov Model [@] FLATIRON

o=

®
®




Modeling sequences: Markov Model [@] FLATIRON

first-order Markov chain

' o @ :@ =@ :@_’




Modeling sequences: Markov Model

first-order Markov chain

TTTTTTTTT

probability of one

choice conditioned on p (yt |y1, neey yt—l)

all previous choices

o=



Modeling sequences: Markov Model [@] FLATIRON

first-order Markov chain

probability of one probability of one choice

choice conditionedon D (yt |y1, ey yt—l) =D (yt |yt—1) conditioned on single

all previous choices previous choice




Modeling sequences: Markov Model [@] FLATIRON

first-order Markov chain

probability of one probability of one choice

choice conditionedon D (yt |y1, ey yt—l) =D (yt |yt—1) conditioned on single

all previous choices previous choice

likelihood of

all choices p(yl' "y yT)



Modeling sequences: Markov Model

probability of one

first-order Markov chain

TTTTTTTTT

choice conditioned on p(Yt |y1, neey yt—l) — p()’t |yt—1)

all previous choices

likelihood of
all choices

T
PV, - ¥7) = D(V1) 1_[ P(YVelye-1)
t=2

o=

probability of one choice
conditioned on single
previous choice



Modeling sequences: Markov Model [@] FLATIRON

first-order Markov chain

probability of one probability of one choice

choice conditionedon D (yt |y1, ey yt—l) =D (yt |yt—1) conditioned on single

all previous choices previous choice

T
likelihood of — this can be recursively
all choices p(yl’ i) yT) T p(yl) ‘ ‘ p(ytlyt—l) approximated!
t=2



Hidden Markov Model (HMM) [@] FLATIRON



Hidden Markov Model (HMM) [@] FLATIRON




Hidden Markov Model (HMM) [@] FLATIRON

hidden state hidden state hidden state hidden state
at trial t=1 at trial t=2 at trial t=3 at trial t=4

() 0,




Hidden Markov Model (HMM) [@] FLATIRON

@) Q

hidden state hidden state hidden state
at trial t=2 at trial t=3 at trial t=4




Hidden Markov Model (HMM) [@] FLATIRON

@,

hidden state hidden state hidden state

@

at trial t=2 at trial t=3 at trial t=4
\%2/ \&/ \Z

likelihood of all choices and states

D(V1, ey VT Z1y woes Z7)



Hidden Markov Model (HMM) [@] FLATIRON

idden state hldden state hldden state hidden state
t trial t=1 at trial t=2 at trial t=3 at trial t=4

likelihood of all choices and states

POss o Vi, 70,1 71) = (za]_[p(zazt a]_[p(mzt)



Hidden Markov Model (HMM) [@] FLATIRON

idden state hldden state hldden state hidden state
t trial t=1 at trial t=2 at trial t=3 at trial t=4

initial state
probablllty

likelihood of all choices and states

POss o Vi, 70,1 71) = (za]_[p(zazt a]_[p(mzt)



Hidden Markov Model (HMM) [@] FLATIRON

idden state hldden state hldden state hidden state
t trial t=1 at trial t=2 at trial t=3 at trial t=4

initial state transition
probablllty probablllty

likelihood of all choices and states

POss o V1 74,1 71) —p<z1>1_[p<zt|zt a]_[p(mzt)



Hidden Markov Model (HMM) [@] FLATIRON

hidden state

idden state hldden state hldden state

t trial t=1 at trial t=2 at trial t=3 at trial t=4
() () (=) (=
o~
initial state transition emissions
probablllty probablllty probablllty

likelihood of all choices and states

POss o V1 74,1 71) —p<z1>1_[p<zt|zt a]_[p(mzt)



Hidden Markov Model (HMM) [@] FLATIRON




Hidden Markov Model (HMM) [@] FLATIRON




RON
FLATIR(
[@] F!

M)

M

del (H

Mo

V

rko

Ma

n

idde

Hi

5]




Hidden Markov Model (HMM) [@] FLATIRON

new hyperparameter: S = # of hidden states
_GyElL .S SKT




Hidden Markov Model (HMM) [@] FLATIRON

new hyperparameter: S = # of hidden states
_GyElL .S SKT

allows us to control the number of additional inferred parameters




Hidden Markov Model (HMM) [@] FLATIRON

new hyperparameter: S = # of hidden states
_GyElL .S SKT

allows us to control the number of additional inferred parameters

example: § = 3




Hidden Markov Model (HMM) [@] FLATIRON

new hyperparameter: S = # of hidden states
_GyElL .S SKT

allows us to control the number of additional inferred parameters

example: § = 3

initial state probability: p (Zl)



Hidden Markov Model (HMM) [@] FLATIRON

new hyperparameter: S = # of hidden states
_GyElL .S SKT

allows us to control the number of additional inferred parameters

example: § = 3

initial state probability: p(zl) = [p(z; =1) p(z; =2) p(z; =3)]



Hidden Markov Model (HMM) [@] FLATIRON

new hyperparameter: S = # of hidden states
_GyElL .S SKT

allows us to control the number of additional inferred parameters

example: § = 3

initial state probability: p(zl) = [p(z; =1) p(z; =2) p(z; =3)]

transition probability: P (Zt |Zt—1)



Hidden Markov Model (HMM) [@] FLATIRON

new hyperparameter: S = # of hidden states
_GyElL .S SKT

allows us to control the number of additional inferred parameters

example: § = 3

initial state probability: p(zl) = [p(z; =1) p(z; =2) p(z; =3)]

transition probability: p(Zt |Zt—1) = |p(ze =1lzi1=1) p(z, =2|z,1=1) p(z; =3lz,-1=1)
p(ze =1z =2) p(z; =2|z,.1 =2) p(z; =3lz;_1 = 2)

p(z; = 1z =3) p(z; =2|z,.1 =3) p(z; =3lz_1 = 3)



Hidden Markov Model (HMM)

example: § = 3

new hyperparameter: S = # of hidden states

5]

allows us to control the number of additional inferred parameters

S KT

TTTTTTTTT

initial state probability: p (Zl)

transition probability: P (Zt |Zt—1)

[0.85

|

0.80
0.06
0.02

0.10 0.05]

0.19 0.01
0.90 0.04
0.03 0.95

|



Hidden Markov Model (HMM) [@] FLATIRON
new hyperparameter: S = # of hidden states
(z)€ElL,..,S] SKT
2 allows us to control the number of additional inferred parameters
example: § = 3
I
initial state probability: p(zl) — [0.85] |0.10] (0.05]
transition probability: p(ztlzt—l) — [ggg 8;3 88}4 . .
0.02 0.03 0.95



Hidden Markov Model (HMM)

example: § = 3

TTTTTTTTT

new hyperparameter: S = # of hidden states

5]

allows us to control the number of additional inferred parameters

S KT

initial state probability: p (Zl)

transition probability: P (Zt |Zt—1)

10.85

0.80
0.06
0.02

0.10

0.05]

0.19

0.90

0.01]

0.04

0.03

0.95.




Hidden Markov Model (HMM)

example: § = 3

new hyperparameter: S = # of hidden states

5]

allows us to control the number of additional inferred parameters

S KT

TTTTTTTTT

initial state probability: p (Zl)

transition probability: P (Zt |Zt—1)

10.85] [0.10

0.05]

0.80] [0.19) (0.01
0.06 (0.90] 0.04

0.02 0.03

0.95.

0.19

0.80 z=1 0.9

0.01



Hidden Markov Model (HMM) [@] FLATIRON

I' NS TI TUTE

new hyperparameter: S = # of hidden states

_GyElL .S SKT

allows us to control the number of additional inferred parameters

example: § = 3

initial state probability: p(zl) — [0.85| [0.10] {0.05 0.19 0.04 0.01

i y 10.80 z=1 0.9 0.9
transition probability: p(zt|zt_1) = [0.80]10.19/ 10.01 J_\

0.06] (0.90) [0.04
10.02 0.03 [0.95. 0.06




Hidden Markov Model (HMM) [@] FLATIRON

I' NS TI TUTE

new hyperparameter: S = # of hidden states

_GyElL .S SKT

allows us to control the number of additional inferred parameters

example: § = 3

initial state probability: p(zl) — [0.85] |0.10] (0.05]

— 10.80) {0.19) 10.01]
transition probability: p (Zt |Zt—1) , :
0.06) 10.90) {0.04

10.02) 10.03) |0.95.




Hidden Markov Model (HMM) [@] FLATIRON

hidden state

hldden state hldden state

at trial t=2 at trial t=3 at trial t=4
22/ ) \ X
initial state transition emissions
probablllty probablllty probablllty

likelihood of all choices and states

POss o V1 74,1 71) —p<z1>1_[p<zt|zt 1>]_[p<yt|zt>



Hidden Markov Model (HMM) [@] FLATIRON

emissions
probability

1/
[ [pOelzo
t=1



Hidden Markov Model (HMM)

[@] FLATIRON

I' NS TI TUTE

Recall: GLM [@) FLATIRON

Design matrix Input Linear Non-linear Bernou i Choices
a b c .
e/
Il
IR AN i e
f/\\ [
VU e 6 O

average choice = logistic(a - w,+b - w, +c-w,)

probability(choice = k) = Bernoulli(k | average choice)

AN

\ emissions

probab|l|ty

]_[p(ytm)




GLM-HMM [@] FLATIRON




GLM-HMM [@] FLATIRON

(w)

o%o

®
®




GLM-HMM [@] FLATIRON

®




GLM-HMM [@] FLATIRON

©

(D n
N4
(<)
NSV

Liam]  Lfaw




GLM-HMM

[@] FLATIRON




GLM-HMM [@] FLATIRON

I' NS TI TUTE

®
|

‘ﬁ@:
N
(2)
&/

time

initial state transition weights prior emissions
likelihood of all fitted parameters probability T probability T (regularization T probability

DYy s Y70 Z1) ooy Z7y Wiy oae WT) = p(2z1) 1_[ p(Z¢|Ze-1) HP(Wt|Zt) p(Velxe, we)
t=2 t=1 t=1




GLM-HMM [@] FLATIRON

time




GLM-HMM




[@] FLATIRON

GLM-HMM




[@] FLATIRON

GLM-HMM




[@] FLATIRON

GLM-HMM




[@] FLATIRON

GLM-HMM




GLM-HMM [@] FLATIRON

engaged disengaged biased engaged

111

()
C) Do
W,




GLM-HMM [@] FLATIRON

engaged gengag% biased

wlz =1] w(z = 2] w(z = 3]

~ >~




GLM-H MM [ @]FLATIRON
engaged gengag% biased
wlz =1] w(z = 2] w(z = 3]
=

trials (or time)



Handling session breaks [@] FLATIRON

I' NS TI TUTE

Mice perform hundreds of trials in a session, Mice complete many sessions
seeing three types of trial blocks throughout training

Block prior d

20:80 '

weo— [ UL U L 100 - i
g 100 - e\il) 80 32L?'nbicze
7 - o .© Lab 3
.6 O\O = (&) t, 35 mice
6 \.__, % % 60 15L?nbic4e
-E g ] g 8 14:_:nbic5e
g = + < 40
F o O
Q) e 0- Lab 7
0: O ) 20 13 mice

0 200 400 0 20 40 60

Training da
Trial number g5y

IBL et al 2021



Handling session breaks [@] FLATIRON

I' NS TI TUTE

Mice perform hundreds of trials in a session, Mice complete many sessions
seeing three types of trial blocks throughout training
Block prior d
50:50 100 = Lab 1
15 mice
$ 100 - e\il) 80 32L?nbicze
7 - o .© Lab 3
.6 O\O -1 (&) b 35 mice
6 t’ % % 60 15L?nt:c4e
-E g | g 8 1ti_?nbic5e
g = +© < 40
F o O
g) e 0- Lab 7
0: O ) 20 13 mice
0 200 400 0 20 40 60

Training da
Trial number g5y

IBL et al 2021



Handling session breaks [@] FLATIRON

@

hidden state hidden state hidden state
at trial t=2 at trial t=3 at trial t=4




Handling session breaks [@] FLATIRON

@) Q

hidden state hidden state hidden state
at trial t=2 at trial t=3 at trial t=4

727... y v
D e ® ®

@‘




Handling session breaks [@] FLATIRON

hidden state
at trial t=2 at trial t=3 at trial t=4

OB~

&/

Y /71... 4 v




Handling session breaks [@] FLATIRON

) Q&

idden state hidden state hidden state hidden state
t trial t=1 at trial t=2 at trial t=3 at trial t=4

@~ () (x (=) (.

v ZZZ... ) 4 v
® e




Handling session breaks [@] FLATIRON

(O

hidden state hidden state hidden state hidden state
at trial t=1 at trial t=2 at trial t=3 at trial t=4

optional input: session starts

e.g.*:[1, 3]
*in python = [0, 2]




Handling session breaks [@] FLATIRON

(O

hidden state hidden state hidden state hidden state
at trial t=1 at trial t=2 at trial t=3 at trial t=4

optional input: session starts

e.g.*:[1, 3]
*in python = [0, 2]

pe) | [plz- | [poelz)

initial prob. t=2 transition prob. =1 emission prob.



Handling session breaks [@] FLATIRON

(O

hidden state hidden state hidden state hidden state
at trial t=1 at trial t=2 at trial t=3 at trial t=4

includes all excludes all

; ; . : session starts session starts
optional input: session starts N T / T
e.g.*:[1, 3]

, p) | [plz-n | [poelz)
*in python = [0, 2]

initial prob. t=2 transition prob. =1 emission prob.




GLM-HMM in NeMoS [@] FLATIRON

a b c Choose L Choose R
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import nemos as nmo # import nemos
model = nmo.gim_hmm.GLMHMM( # instantiate the model
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seed = jax.random.PRNGKey(123),
)

model.fit(X, choices, session_starts) # fit the model



GLM-HMM in NeMoS [@] FLATIRON

I' NS TI TUTE

a b c Choose L Choose R
x=of I 1] I| § / choices = session_starts =
£
Sl [0, 200, 400]
RERR—4 o O

state_likelihood = model.smooth_proba(X, choices, session_starts)

forward-backward
algorithm ‘ : ; ! ﬁ 2' : (
trials (or time)
most_probable state_sequence = model.decode_state(X, choices, session_starts)

Viterbi algorithm \) state_format = “one-hot” state_format = “index”
‘ ‘ ‘ z=1

z2=2 z=3
> l!l '!'\ '!'l

N N N
n
WN =

probability

active state

trials (or time)



GLM-HMM guided coding [@] FLATIRON

I' NS TI TUTE

Mice alternate between discrete strategies 2 State 1 g State 1
during perceptual decision-making, 5.0 1.0 -
Ashwood et al., 2022

(‘'engaged’)

State 3

2.5

GLM weight




GLM-HMM guided coding

[@] FLATIRON

I' NS TI TUTE

State 2 State 3
(‘biased left') ('biased right)

Mice alternate between discrete strategies R State 1 y e
during perceptual decision-making, = 5.0 7 107
Ashwood et al., 2022 §’
= T 05-
— =
(O]
0 1 T T
—-100 0 100
il Stimulus
L)
a Example session 1 Example session 2

p(state)

Trial #

Example session 3




	Slide 1: NeMoS Advanced: GLM-HMM
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59
	Slide 60
	Slide 61
	Slide 62
	Slide 63
	Slide 64
	Slide 65
	Slide 66
	Slide 67
	Slide 68
	Slide 69
	Slide 70
	Slide 71
	Slide 72
	Slide 73
	Slide 74
	Slide 75
	Slide 76
	Slide 77
	Slide 78
	Slide 79
	Slide 80
	Slide 81
	Slide 82
	Slide 83
	Slide 84
	Slide 85
	Slide 86
	Slide 87
	Slide 88
	Slide 89
	Slide 90
	Slide 91
	Slide 92
	Slide 93
	Slide 94
	Slide 95
	Slide 96
	Slide 97
	Slide 98
	Slide 99
	Slide 100
	Slide 101
	Slide 102
	Slide 103
	Slide 104
	Slide 105

