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Visual Two -Alternative Forced Choice Task (2AFC)

IBL et al 2021

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

Mice complete many sessions 
throughout training



Graphical Model: Modeling Observations

choice at 
trial t=1

choice at 
trial t=2

choice at 
trial t=3

choice at 
trial t=4

…



Graphical Model: Modeling Observations

choice at 
trial t=1

choice at 
trial t=2

choice at 
trial t=3

choice at 
trial t=4

y1 y2 y3 y4 …

…



Graphical Model: Modeling Observations

choice at 
trial t=1

choice at 
trial t=2

choice at 
trial t=3

choice at 
trial t=4

𝑝 𝑦1, … , 𝑦𝑇 = ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡)

y1 y2 y3 y4 …

likelihood of 
all choices

product of independent 
choice probabilities

…



Graphical Model: Modeling Observations

choice at 
trial t=1

choice at 
trial t=2

choice at 
trial t=3

choice at 
trial t=4

𝑝 𝑦1, … , 𝑦𝑇 = ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡)

y1 y2 y3 y4 …

likelihood of 
all choices

product of independent 
choice probabilities

…



Recall: GLM

firing rate = exp(a · wa + b · wb + c · wc )

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

Linear Non-linear PoissonDesign matrix Spike times     

ti
m

e

a b c

Input

wa wb wc



Recall: GLM

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

ChoicesLinear Non-linear PoissonDesign matrix      

ti
m

e

a b c

Input

wa wb wc

firing rate = exp(a · wa + b · wb + c · wc )



Recall: GLM

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

Bernoulli

firing rate = exp(a · wa + b · wb + c · wc )

ChoicesLinear Non-linearDesign matrix      

ti
m

e

a b c

Input

wa wb wc



Recall: GLM

average choice = logistic(a · wa + b · wb + c · wc )

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

Bernoulli ChoicesLinear Non-linearDesign matrix      

ti
m

e

a b c

Input

wa wb wc



Recall: GLM

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

average choice = logistic(a · wa + b · wb + c · wc )

Bernoulli ChoicesLinear Non-linearDesign matrix      

ti
m

e

a b c

Input

wa wb wc



Graphical Model*: GLM
ti

m
e

a b c



ti
m

e

a b c

Graphical Model*: GLM

x1



ti
m

e

a b c

Graphical Model*: GLM

x1

wa wb wc



ti
m

e

a b c

Graphical Model*: GLM

w

x1

wa wb wc



ti
m

e

a b c

Graphical Model*: GLM

w

x1

GLM

wa wb wc



ti
m

e

a b c

Graphical Model*: GLM

y1

w

x1

GLM

wa wb wc



ti
m

e

a b c

Graphical Model*: GLM

y1 y2 y3 y4

w

x1 x2 x3 x4 …

…

GLM GLM GLM GLM

…
wa wb wc



ti
m

e

a b c

Graphical Model*: GLM

y1 y2 y3 y4

w

x1 x2 x3 x4 …

…

GLM GLM GLM GLM

…
wa wb wc



ti
m

e

a b c

Graphical Model*: GLM

𝑝 𝑦1, … , 𝑦𝑇 , 𝑤 = 𝑝(𝑤) ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡|𝑥𝑡 , 𝑤)

y1 y2 y3 y4

w

x1 x2 x3 x4 …

…

GLM GLM GLM GLM

likelihood of all 
choices and weights

…
wa wb wc



ti
m

e

a b c

Graphical Model*: GLM

𝑝 𝑦1, … , 𝑦𝑇 , 𝑤 = 𝑝(𝑤) ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡|𝑥𝑡 , 𝑤)

y1 y2 y3 y4

w

x1 x2 x3 x4 …

…

GLM GLM GLM GLM

likelihood of all 
choices and weights

product of choice probs. 
conditioned on predictors 
and weights

…
wa wb wc



ti
m

e

a b c

Graphical Model*: GLM

𝑝 𝑦1, … , 𝑦𝑇 , 𝑤 = 𝑝(𝑤) ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡|𝑥𝑡 , 𝑤)

y1 y2 y3 y4

w

x1 x2 x3 x4 …

…

GLM GLM GLM GLM

likelihood of all 
choices and weights

product of choice probs. 
conditioned on predictors 
and weights

…
wa wb wc



ti
m

e

a b c

Graphical Model*: GLM

𝑝 𝑦1, … , 𝑦𝑇 , 𝑤 = 𝑝(𝑤) ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡|𝑥𝑡 , 𝑤)

y1 y2 y3 y4

w

x1 x2 x3 x4 …

…

GLM GLM GLM GLM

likelihood of all 
choices and weights

prior on GLM weights 
(e.g. regularization)

product of choice probs. 
conditioned on predictors 
and weights

…
wa wb wc



ti
m

e

a b c

Graphical Model*: GLM

𝑝 𝑦1, … , 𝑦𝑇 , 𝑤 = 𝑝(𝑤) ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡|𝑥𝑡 , 𝑤)

y1 y2 y3 y4

w

x1 x2 x3 x4 …

…

GLM GLM GLM GLM

likelihood of all 
choices and weights

product of choice probs. 
conditioned on predictors 
and weights

…

prior on GLM weights 
(e.g. regularization)

wa wb wc



Modeling sequences: Markov Model

y1 y2 y3 y4 …



Modeling sequences: Markov Model

y1 y2 y3 y4 …



Modeling sequences: Markov Model

y1 y2 y3 y4 …

first-order Markov chain



Modeling sequences: Markov Model

y1 y2 y3 y4 …

first-order Markov chain

𝑝 𝑦𝑡|𝑦1, … , 𝑦𝑡−1 = 𝑝(𝑦𝑡|𝑦𝑡−1)
probability of one 
choice conditioned on 
all previous choices



Modeling sequences: Markov Model

y1 y2 y3 y4 …

first-order Markov chain

𝑝 𝑦𝑡|𝑦1, … , 𝑦𝑡−1 = 𝑝(𝑦𝑡|𝑦𝑡−1)
probability of one 
choice conditioned on 
all previous choices

probability of one choice 
conditioned on single 
previous choice



Modeling sequences: Markov Model

y1 y2 y3 y4 …

first-order Markov chain

𝑝 𝑦1, … , 𝑦𝑇 = 𝑝(𝑦1) ෑ

𝑡=2

𝑇

𝑝(𝑦𝑡|𝑦𝑡−1)

𝑝 𝑦𝑡|𝑦1, … , 𝑦𝑡−1 = 𝑝(𝑦𝑡|𝑦𝑡−1)
probability of one 
choice conditioned on 
all previous choices

probability of one choice 
conditioned on single 
previous choice

likelihood of 
all choices



Modeling sequences: Markov Model

y1 y2 y3 y4 …

first-order Markov chain

𝑝 𝑦1, … , 𝑦𝑇 = 𝑝(𝑦1) ෑ

𝑡=2

𝑇

𝑝(𝑦𝑡|𝑦𝑡−1)

𝑝 𝑦𝑡|𝑦1, … , 𝑦𝑡−1 = 𝑝(𝑦𝑡|𝑦𝑡−1)
probability of one 
choice conditioned on 
all previous choices

probability of one choice 
conditioned on single 
previous choice

likelihood of 
all choices



Modeling sequences: Markov Model

y1 y2 y3 y4 …

first-order Markov chain

𝑝 𝑦1, … , 𝑦𝑇 = 𝑝(𝑦1) ෑ

𝑡=2

𝑇

𝑝(𝑦𝑡|𝑦𝑡−1)

𝑝 𝑦𝑡|𝑦1, … , 𝑦𝑡−1 = 𝑝(𝑦𝑡|𝑦𝑡−1)
probability of one 
choice conditioned on 
all previous choices

probability of one choice 
conditioned on single 
previous choice

this can be recursively 
approximated!

likelihood of 
all choices



Hidden Markov Model (HMM)

y1 y2 y3 y4
…



Hidden Markov Model (HMM)

y1 y2 y3 y4
…

2 3

4

5
6

1

7



Hidden Markov Model (HMM)

y1 y2 y3 y4
…

hidden state 
at trial t=1

2 31 4

2 3

4

5
6

1

7
hidden state 
at trial t=4

hidden state 
at trial t=2

hidden state 
at trial t=3



Hidden Markov Model (HMM)

y1 y2 y3 y4

…z1 z2 z3 z4

…

2 31 4

hidden state 
at trial t=12 3

4

5
6

1

7
hidden state 
at trial t=4

hidden state 
at trial t=2

hidden state 
at trial t=3



Hidden Markov Model (HMM)

y1 y2 y3 y4

…z1 z2 z3 z4

…

𝑝 𝑦1, … , 𝑦𝑇 , 𝑧1, … , 𝑧𝑇 = 𝑝(𝑧1) ෑ

𝑡=2

𝑇

𝑝(𝑧𝑡|𝑧𝑡−1) ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡|𝑧𝑡)

2 31 4

likelihood of all choices and states

hidden state 
at trial t=12 3

4

5
6

1

7
hidden state 
at trial t=4

hidden state 
at trial t=2

hidden state 
at trial t=3



Hidden Markov Model (HMM)

y1 y2 y3 y4

…z1 z2 z3 z4

…

𝑝 𝑦1, … , 𝑦𝑇 , 𝑧1, … , 𝑧𝑇 = 𝑝(𝑧1) ෑ

𝑡=2

𝑇

𝑝(𝑧𝑡|𝑧𝑡−1) ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡|𝑧𝑡)

2 31 4

likelihood of all choices and states

hidden state 
at trial t=12 3

4

5
6

1

7
hidden state 
at trial t=4

hidden state 
at trial t=2

hidden state 
at trial t=3



Hidden Markov Model (HMM)

y1 y2 y3 y4

…z1 z2 z3 z4

…

𝑝 𝑦1, … , 𝑦𝑇 , 𝑧1, … , 𝑧𝑇 = 𝑝(𝑧1) ෑ

𝑡=2

𝑇

𝑝(𝑧𝑡|𝑧𝑡−1) ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡|𝑧𝑡)

initial state 
probability

2 31 4

likelihood of all choices and states

hidden state 
at trial t=12 3

4

5
6

1

7
hidden state 
at trial t=4

hidden state 
at trial t=2

hidden state 
at trial t=3



Hidden Markov Model (HMM)

y1 y2 y3 y4

…z1 z2 z3 z4

…

𝑝 𝑦1, … , 𝑦𝑇 , 𝑧1, … , 𝑧𝑇 = 𝑝(𝑧1) ෑ

𝑡=2

𝑇

𝑝(𝑧𝑡|𝑧𝑡−1) ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡|𝑧𝑡)

initial state 
probability

transition 
probability

2 31 4

likelihood of all choices and states

hidden state 
at trial t=12 3

4

5
6

1

7
hidden state 
at trial t=4

hidden state 
at trial t=2

hidden state 
at trial t=3



Hidden Markov Model (HMM)

y1 y2 y3 y4

…z1 z2 z3 z4

…

𝑝 𝑦1, … , 𝑦𝑇 , 𝑧1, … , 𝑧𝑇 = 𝑝(𝑧1) ෑ

𝑡=2

𝑇

𝑝(𝑧𝑡|𝑧𝑡−1) ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡|𝑧𝑡)

initial state 
probability

transition 
probability

emissions 
probability

2 31 4

likelihood of all choices and states

hidden state 
at trial t=12 3

4

5
6

1

7
hidden state 
at trial t=4

hidden state 
at trial t=2

hidden state 
at trial t=3



Hidden Markov Model (HMM)

z1t2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1t2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1 ∈ [1, … , 𝑆]t2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1 ∈ [1, … , 𝑆] 𝑆 ≪ 𝑇t2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1 ∈ [1, … , 𝑆] 𝑆 ≪ 𝑇

allows us to control the number of additional inferred parameters

t2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1 ∈ [1, … , 𝑆] 𝑆 ≪ 𝑇

example: 𝑆 = 3

allows us to control the number of additional inferred parameters

t2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1 ∈ [1, … , 𝑆]

𝑝 𝒛1  =

𝑆 ≪ 𝑇

example: 𝑆 = 3

initial state probability:

allows us to control the number of additional inferred parameters

t2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1 ∈ [1, … , 𝑆]

𝑝 𝒛1  =

𝑆 ≪ 𝑇

example: 𝑆 = 3

initial state probability:

allows us to control the number of additional inferred parameters

t

𝑝 𝑧1 = 1 𝑝 𝑧1 = 2 𝑝 𝑧1 = 3

2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1 ∈ [1, … , 𝑆]

𝑝 𝒛1  =

𝑆 ≪ 𝑇

example: 𝑆 = 3

initial state probability:

allows us to control the number of additional inferred parameters

t

𝑝 𝑧1 = 1 𝑝 𝑧1 = 2 𝑝 𝑧1 = 3

𝑝 𝒛𝑡 𝒛𝑡−1 =transition probability:

2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1 ∈ [1, … , 𝑆]

𝑝 𝒛1  =

𝑆 ≪ 𝑇

example: 𝑆 = 3

initial state probability:

allows us to control the number of additional inferred parameters

t

𝑝 𝑧1 = 1 𝑝 𝑧1 = 2 𝑝 𝑧1 = 3

𝑝 𝒛𝑡 𝒛𝑡−1 =transition probability: 𝑝 𝑧𝑡 = 1 𝑧𝑡−1 = 1 𝑝 𝑧𝑡 = 2 𝑧𝑡−1 = 1 𝑝 𝑧𝑡 = 3 𝑧𝑡−1 = 1

𝑝 𝑧𝑡 = 1 𝑧𝑡−1 = 2 𝑝 𝑧𝑡 = 2 𝑧𝑡−1 = 2 𝑝 𝑧𝑡 = 3 𝑧𝑡−1 = 2

𝑝 𝑧𝑡 = 1 𝑧𝑡−1 = 3 𝑝 𝑧𝑡 = 2 𝑧𝑡−1 = 3 𝑝 𝑧𝑡 = 3 𝑧𝑡−1 = 3

2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1 ∈ [1, … , 𝑆]

𝑝 𝒛1  =

𝑝 𝒛𝑡 𝒛𝑡−1 =

𝑆 ≪ 𝑇

example: 𝑆 = 3

initial state probability:

transition probability:

0.85 0.10 0.05

0.80 0.19 0.01
0.06 0.90 0.04
0.02 0.03 0.95

allows us to control the number of additional inferred parameters

t2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1 ∈ [1, … , 𝑆]

𝑝 𝒛1  =

𝑝 𝒛𝑡 𝒛𝑡−1 =

𝑆 ≪ 𝑇

example: 𝑆 = 3

initial state probability:

transition probability:

0.85 0.10 0.05

0.80 0.19 0.01
0.06 0.90 0.04
0.02 0.03 0.95

allows us to control the number of additional inferred parameters

z=1 z=2 z=3

t2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1 ∈ [1, … , 𝑆]

𝑝 𝒛1  =

𝑝 𝒛𝑡 𝒛𝑡−1 =

𝑆 ≪ 𝑇

example: 𝑆 = 3

initial state probability:

transition probability:

0.85 0.10 0.05

0.80 0.19 0.01
0.06 0.90 0.04
0.02 0.03 0.95

allows us to control the number of additional inferred parameters

z=1 z=2 z=3

t

0.80 0.90 0.95

2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1 ∈ [1, … , 𝑆]

𝑝 𝒛1  =

𝑝 𝒛𝑡 𝒛𝑡−1 =

𝑆 ≪ 𝑇

example: 𝑆 = 3

initial state probability:

transition probability:

0.85 0.10 0.05

0.80 0.19 0.01
0.06 0.90 0.04
0.02 0.03 0.95

allows us to control the number of additional inferred parameters

z=1 z=2 z=3

t

0.80 0.90 0.95

0.19 0.01

2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1 ∈ [1, … , 𝑆]

𝑝 𝒛1  =

𝑝 𝒛𝑡 𝒛𝑡−1 =

𝑆 ≪ 𝑇

example: 𝑆 = 3

initial state probability:

transition probability:

0.85 0.10 0.05

0.80 0.19 0.01
0.06 0.90 0.04
0.02 0.03 0.95

allows us to control the number of additional inferred parameters

z=1 z=2 z=3

t

0.80 0.90 0.95

0.19 0.04 0.01

0.06

2 3

4

5
6

1

7



new hyperparameter: 𝑆 = # of hidden states

Hidden Markov Model (HMM)

z1 ∈ [1, … , 𝑆]

𝑝 𝒛1  =

𝑝 𝒛𝑡 𝒛𝑡−1 =

𝑆 ≪ 𝑇

example: 𝑆 = 3

initial state probability:

transition probability:

0.85 0.10 0.05

0.80 0.19 0.01
0.06 0.90 0.04
0.02 0.03 0.95

allows us to control the number of additional inferred parameters

z=1 z=2 z=3

t

0.80 0.90 0.95

0.19 0.04 0.01

0.030.060.02

2 3

4

5
6

1

7



Hidden Markov Model (HMM)

y1 y2 y3 y4

…z1 z2 z3 z4

…

𝑝 𝑦1, … , 𝑦𝑇 , 𝑧1, … , 𝑧𝑇 = 𝑝(𝑧1) ෑ

𝑡=2

𝑇

𝑝(𝑧𝑡|𝑧𝑡−1) ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡|𝑧𝑡)

initial state 
probability

transition 
probability

emissions 
probability

2 31 4

likelihood of all choices and states

hidden state 
at trial t=12 3

4

5
6

1

7
hidden state 
at trial t=4

hidden state 
at trial t=2

hidden state 
at trial t=3



hidden state 
at trial t=4

hidden state 
at trial t=2

hidden state 
at trial t=32 3

4

5
6

1

7

Hidden Markov Model (HMM)

y1 y2 y3 y4

…z1 z2 z3 z4

…

𝑝 𝑦1, … , 𝑦𝑇 , 𝑧1, … , 𝑧𝑇 = 𝑝(𝑧1) ෑ

𝑡=2

𝑇

𝑝(𝑧𝑡|𝑧𝑡−1) ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡|𝑧𝑡)

initial state 
probability

transition 
probability

emissions 
probability

2 31 4

likelihood of all choices and states

hidden state 
at trial t=1



hidden state 
at trial t=4

hidden state 
at trial t=2

hidden state 
at trial t=32 3

4

5
6

1

7

Hidden Markov Model (HMM)

y1 y2 y3 y4

…z1 z2 z3 z4

…

𝑝 𝑦1, … , 𝑦𝑇 , 𝑧1, … , 𝑧𝑇 = 𝑝(𝑧1) ෑ

𝑡=2

𝑇

𝑝(𝑧𝑡|𝑧𝑡−1) ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡|𝑧𝑡)

initial state 
probability

transition 
probability

emissions 
probability

2 31 4

likelihood of all choices and states

hidden state 
at trial t=1



GLM -HMM

y1 y2 y3 y4

…z1 z2 z3 z4

…

2 3

4

5
6

1

7



GLM -HMM

y1 y2 y3 y4

…z1 z2 z3 z4

…

w1 w2 w3 w4

2 3

4

5
6

1

7

wa wb wc



ti
m

e

a b c

GLM -HMM

y1 y2 y3 y4

…z1 z2 z3 z4

…

w1 w2 w3 w4

x1 x2 x3 x4 …

2 3

4

5
6

1

7

wa wb wc



GLM -HMM

y1 y2 y3 y4

…z1 z2 z3 z4

…

w1 w2 w3 w4

GLM GLM GLM GLM

x1 x2 x3 x4 …

2 3

4

5
6

1

7

ti
m

e

a b c

wa wb wc



GLM -HMM

y1 y2 y3 y4

…z1 z2 z3 z4

…

w1 w2 w3 w4

GLM GLM GLM GLM

x1 x2 x3 x4 …

2 3

4

5
6

1

7

ti
m

e

a b c

wa wb wc



GLM -HMM

y1 y2 y3 y4

…z1 z2 z3 z4

…

w1 w2 w3 w4

GLM GLM GLM GLM

x1
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y1 y2 y3 y4

…z1 z2 z3 z4

…

𝑝(𝑧1) ෑ

𝑡=2

𝑇

𝑝(𝑧𝑡|𝑧𝑡−1) ෑ

𝑡=1

𝑇

𝑝(𝑦𝑡|𝑧𝑡)

2 31 4
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4

5
6

1

7

Zzz…

hidden state 
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hidden state 
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includes all 
session starts

excludes all 
session startsoptional input: session starts 

e.g.*: [1, 3]

*in python = [0, 2] initial prob. transition prob. emission prob.



GLM -HMM in NeMoS

import nemos as nmo                             # import nemos

model = nmo.glm_hmm.GLMHMM(                # instantiate the model
  n_states = 3, 
  seed = jax.random.PRNGKey(123),
)

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

a =

X = choices = session_starts =
[0, 200, 400]ti

m
e

a b c



GLM -HMM in NeMoS

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

most_probable_state_sequence = model.decode_state(X, choices, session_starts)

p
ro

b
a

b
ili

ty

trials (or time)

z1 z2 z3

z = 1 z = 2 z = 3

Viterbi algorithm

z = 1
z = 2
z = 3

a =

X = choices = session_starts =
[0, 200, 400]ti

m
e

a b c

ac
ti

ve
 s

ta
te

trials (or time)

state_format = “one-hot” state_format = “index”

forward-backward
algorithm
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Mice alternate between discrete strategies 
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