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What is covered in lectures & what is not?

* High-level concepts * Detailed math derivation
* Rationale (vs. alternatives) * Detailed discussions
* Some walk-through examples




Two tales of computational neuroscience

* Modeling (microcircuit, behavior) ---Lecture 1

* Neural data analysis (large-scale, multi-modal) --- Lecture 2

Common goal: linking neural representations to behaviors




Roles of computational modeling

* Uncovering computational principles and mechanisms ---
complementary to circuit mechanisms

neural representations at single neuron and population levels
spike timing or neural oscillatory dynamics
advantages: unlimited trials, a very large network size

* Making experimental predictions or experimentally testable
hypotheses

computational vs. optogenetic simulation
computational vs. experimental lesion
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Discrete time RNNs

* Naive RNN (hidden-to-
hidden, output-to-hidden
connections, etc)

* LSTM (Hochreiter &
Schmidhuber, 1997)

 Echo state network (Jaeger,
2002)




Variants of continuous-time RNNs ,

e Liquid state machine (Wolfgang et al. 2002)
* FORCE learning (Sussillo & Abbott, 2009)
* E/l-constrained RNN (Song et al., 2017)

* Low-rank RNN (Mastrogiuspeec & Ostojic,
2018)
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RNN Learning & neural plasticity

 Supervised, unsupervised, and reinforcement learning
e Continual learning, end-to-end seq2seq learning, ...

* Input: sensory input sequence

e OQutput: decision-making or behavioral readout OR
neural signals (e.g., sequence)
neural + behavioral signals




Why biological constraints matter?

Vertacal
electrode
penetralion

* Neuronal networks have structured
connectivity

e Structure often determine function

* Neuronal network have excitatory and .
inhibitory neurons (Dale’s principle), |
and different inhibitory neuron (E ]
subtypes

| ampa |

Excitation

* | pringigal Gl

* Neuronal networks have cell-type + gltamato synapes
specific or pathway-specific  depiaang.
projections _

» Synaptic-neuronal coupling: dynamic
synapses
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Inhibition
= rerreELrcEe
« GABA synapse
*  hyperpalarz|ng

* suppregs finng




Brain GPS system: hippocampal
formation (hippocampus-entorhinal
cortex)

2014 Nobel Prize winners in Physiology or Medicine

-t'l.

- -
e |

J. O'Keefe M-B. Moser E.I Moser

"for their discoveries of cells that constitute a positioning system in the
brain".




Hippocampus (HPC)

* A model system for studying brain functions of

spatial & episodic memory

» Tetrode or silicon probe recording of rat dorsal
hippocampus/hippocampi




Tetrode 4x8 grid v#k \

HPC traveling
waves

Lubenov & Siapas. Nature (2009).
Patel et al. Neuron (2012).

Patel et al. J. Neurosci. (2013).
Zhang & Jacobs. J. Neurosci. (2015).
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Modeling HPC traveling waves

Simulated behavior:
 circular track (2 m)
« default speed 0.2 m/s




Model overview

A dorsal HPC
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@
ventral HPC

Septotemporal/ dorsoventral/ longitudinal axis: dorsal (septal),
intermediate, and ventral (temporal) segments

Proximodistal/ transverse axis

12%5 blocks: each consisting of 45 leaky integrate-and-fire (LIF)
excitatory neurons and 15 LIF inhibitory neurons




Differential equations for excitatory and
inhibitory neurons

 Leaky integrate-and-fire (LIF% neurons
V= l_V_I_Iexc_Iinh'l'Ist

Tm Cm

I’ _ —loxc I _ —Iinn
exc — ’ inh —

Texc Tinh

Excitatory place cells

I o =1p e - (1 + gain - exp(

B (mgr — position(t))z))

214,

Inhibitory theta cells
It i = Iy ; - (1 + gain - sin(2nft))

Run speed modulation ,

gain = gaing+y - (v —vg)e 18




Model assumption

: C Transverse dist (mm)
Along the dorsoventral axis: Oz 0

_ ) _ " Place field size
« place field sizes increase 1 :
» the magnitude of the excitatory /\

spatial input and inhibitory theta
oscillation drive decrease

ELN

Between neighboring blocks:

* long-range reciprocal yet
asymmetric (excitatory or
inhibitory) connectivity

Longitudinal distance (mm)
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Extension to MEC traveling waves

B
N Hippocampus

Medial entorhinal cortex
(MEC)

Hippocampus

Place cell

.l‘u"WIII [I I

- Grid-to-Place fJe!l
Synapse ‘. ', \

Voltage amplitude (a.u.)

C Grid cell

‘ -Splkes
Place cell




Concurrent MEC-HPC traveling waves in

hippocampal formation
time=0.01s

MEC M
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Grid cells outside MEC

rat S1 grid cell

A

rat V2 grid cell
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Modeling V2 cortical grid cells

Cell Reports

Excitatory-inhibitory recurrent dynamics produce
robust visual grids and stable attractors

Graphical abstract Authors

Xiaohan Zhang, Xiaoyang Long,
Sheng-Jia Zhang, Zhe Sage Chen

visual illuminance -

+i B
%8 Correspondence

visual aptical flow zhe.chen@nyulangone.org

velocity, acceleration

—>» Position In brief

linear readout

Zhang et al. train biologically realistic
speed-modulated theta rhythm | B neural network models to perform a
WYY | N spatial navigation task with multisensory

¥ o= input and discover emergent grid-like
responses and a low-dimensional,
multistable torus-like attractor with
imposed network connectivity and
sparsity constraints.

spatial cue | visualcue ___




Model assumption

* RNN receives multimodal sensory input to produce behavior
(animal’s location)

Table 1: Testing various input configurations in the E/I-RNN.

Setup RNN Input Dimensionality N,

#1 Velocity 2

#2 Velocity + Visual luminance 24(1-20)
#3 Acceleration 4+ Visual luminance 2+20
#4 Theta freq + direction + Visual luminance 14+1+20
#5 Visual optical low 512




=
spogd-miptulated thela dwythim) 2

MWW

B
‘f‘.

Weloomy (mie}

E-units

Grid score

% Grid units

=]

10

3]
w W j : Dimmensiiorality of visual featuzes

Diraction Wiswnl PC,

l-units

=up#l

stup@ 2

=RUpW 3

wdup#d

- a . "
o S 703
o & * " .f*q. P

sEtup S

ai s ‘. f q .
— ——x
RS I . T LT N T

Spaed (emis)

Irmesginany
=
]

|
=

Thaia freg (Hz)

i b zder

il

ey

=2
Fy

Prob, dist

¥
oo | Satup #1
=

%% Ed unila
o
3

Prab. dist

Grid score




0.0 -
0.00 0,25 0,50 0,75 1,00 1.25
Grid scare

Type 2

ool—
0.000.250.500.751.001.25
Gnd scare

& excitatory, Ey
& pucliatory, Ez
@ inhibitory

(a.u.)

Embed dim. 2

-10
Embed dim. 1 (a.u.)

» =xcitatory, Eq
& pxcitatory, Ex
& inhibjtory

Elmhed dirm. 2 (a.u.)
=

|
B
(=]

=5
Embed dim. 1 (a.u.)

0.8
Relative inhibition strengh

exciatory, B

4

4 M
. .
I

sxgitatory, Ev

ur.ltnm ry, E1

Inhihltnry

excitblory, Ez

Inhibitory

o]

Expp. var. ratio
2 BB

1

Exp, var. ralio




A Inter-subnetwork sparsity:fme—
rsity 0.1 (0.5 baseline) spal‘sjt'_l,r 0.5 (0.5 baqahnaj sparsity 0.9 (0.5 baselina)

5
e
IHEIHI-H

IE'%EE'HE

B E1 intra-subnetwork sparsityims—
sparsity ﬂ 1(0 hasﬁlrﬂ&] sparsity 0. 5 D (0 baseline)

lg- Hlﬂ

E !E
E !I!lﬁ i
"l I

| -

5|:.'|.5:rs.:t1,r 0.9 (0 baseline)

P N

c E2 intra-subnetwork sparsity i



Spiking RNN for modeling PFC working memory
and divided attention in decision making

* Can we use biologically constrained SRNN to
produce experimental findings in task-performing
mice?

Cognitive Computation (2023) 15:1167-1189
https://doi.org/10.1007/s12559-022-09994-2

Spiking Recurrent Neural Networks Represent Task-Relevant Neural
Sequences in Rule-Dependent Computation

Xiaohe Xue' . Ralf D. Wimmer? - Michael M. Halassa?(" - Zhe Sage Chen®*®

Received: 16 August 2021 / Accepted: 13 January 2022 / Published online: 5 February 2022
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2022
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nature communications

Article https://doi.org/10.1038/541467-025-58011-1

Mediodorsal thalamus regulates task
uncertainty to enable cognitive flexibility

Received: 23 October 2023 Xiaohan Zhang ®", Arghya Mukherjee?, Michael M. Halassa ®? &
Zhe Sage Chen ®'345

Accepted: 7 March 2025




Mediodorsal (MD)
thalamus

Psychintric disgrdems

X Bl dlssder FiiTa

A critical partner with
prefrontal cortex (PFC) in
cognitive and executive control

. .. Safeorallireeiin
» Dysfunctional MD connectivity

is implicated in many mental
disorders

* Question: How to dissect circuit :
mechanisms (e.g., cell type g
specificity, thalamocortical B Olasile
connectivity) that link to L e
Cognit'ive deficits? NI ERATMY




Flexible decision making and task ul '
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Cell-type specific circuit modeling
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Psychometric curves: PFC-MD vs PFC-alone models

+ PFC-MD model outperforms PFC-alone under medium-high cue uncertainty

« MD improves evidence accumulation under noisy cues.
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PFC sequences show rule tuning specificity
and context invariance

Single PFC neuronal rule tuning PFC population encoding rule during WM delay
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E/l imbalance affects PFC unit tuning and neural trajectory

« MD activation recovers normal PFC rule tuning and neural trajectory

E/l imbalance

Attend-to-vision Attend-to-audition

=

MD activation
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Cueing context 1

Context switching

Cue-to-rule remapping
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The size of MD impacts switching speed

Decreasing the size of MD units increases the switch time

Context 1 switch to Context 2

|| \ baseline
|
X Hlll.'

2 8 16 24 32
MD population size

(1))
E
)
-

O
=

=

n

[0}
=
-
B

@
x




MD representation

MD units show context-invariant tuning between Context 1 and
Context 1’

I

context 1 switch to context 2 context 2 switch to context 1

2.0+ 2.0

)

a.u
2)
[}
un

=
i

(a.
t

(context 2)
=
2

(contex
=
e
Mean FR (a.u.)

Mean FR

o
n
|
o
Ul

1.0 15 2.0 5 10 15 20
Mean FR (a.u.) Mean FR (a.u.)

(context 1) (context 17)




MD activation rescues cognitive deficits

noise interference

Cueing context 1

in delay period

reduced cortical
PV inhibition: E/l imbalanced
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Experimental validation in a schizophrenia mouse model (22Q11)

MD- PFC labeling strategy 22Q11DS
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Generalization to outcome or reward uncertainty

Decision-making task with all cueing, mapping & outcome uncertainties

Rule 1 Rule 2

Stimuli | LP>HP LP<HP LP>HP LP<HP

= L

Action Left Right Right Left

80% reward 80% reward

Reward 20% no-reward 20% no-reward

Limitation of supervised learning: the current trial outcome
will not impact the decision of the next trial




Reinforcement learning (RL)

« Temporal credit assignment: learning policy to maximize the
expected future reward

» Policy gradient optimization
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MD encodes outcome uncertainty

« MD activity modulates with outcome uncertainty
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Model oversimplification vs. real brain structures

|=D Short delay
ong delay,

information

_Frontal lobe

Trends in Cognitive Sciences o1




Increase model complexity: three brain
structures
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Summary

 Levels of model assumptions and abstraction depends on the
purpose of research

 Derive guiding computational principles underlying complex
memory/cognition/motor functions

* Biologically constrained network structure and connectivity produce
emergent properties of neurons in task-performing RNNs




Open-source software resource

e https://github.com/murraylab/PsychRNN




Homework: Training an E/I-RNN for decision-
making tasks

* Train and simulate E/I-RNNs using open-source software; Analyze the
network connectivity and eigenvalue spectrum; Visualize the activity
of single neurons and population activity; Change network
connectivity and evaluate the impact on neural dynamics

e https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pc
bi.1004792

e https://www.nature.com/articles/nature12742

* https://www.sciencedirect.com/science/article/pii/S2589004221008
8777?via%3Dihub







Latent variable models for neural
data analysis
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Opportunities

* Ability to examine coordinated brain activities in complex tasks

 Ability to address the “dimensionality of neural codes” for specific
tasks

 Ability to subsample / resample the neuronal space to assess the
complexity or heterogeneity of response




Outline

« Starting point: Linear and generalized linear models

* Inference as optimization: Likelihood and Bayesian Inference
» A few neuroscience examples

* Nonlinearity: Generative Al applications




Characterizing neuronal responses

* Modeling spike count or IS| (rate code) ak

* Modeling spike trains (timing code)

* Modeling spike train correlation G |
.

(correlation code) j o= o ia




Beyond the linear model

* Covariate (input X = [xy,X,,..., X,]) = Response (output y)
e y = BX, where f denotes matched filter (receptive field)
* Mapping the stochastic relationship between input and output

Additive Model (1985)
Linear Model —

|!I:.I .||'.1~;: = .ii T ||||-| |i= T __r-rl; i

l

Generalired Additive
Generallzed Linear Model (1972) Model (1990)
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Generalized linear model (GLM)

Cistribution Support of distnbution Typical uses nﬁnmhe Link function
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Example: modeling neuronal spiking activity

A generalized linear model (GLM) B equivalent diagram

K nonlinearity

stimulus filter
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spike train
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Beyond Poisson

Poisson: Mean = variance

Firime rate ()
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i ]

Mean> variance: overdispersed

A

ariatee 17

QUESTIOINS

How to model overdispersed firing?

=
=
=
-
=
v
-
.I

How to calibrate it?

'
P[RERNT CURRNE V'F

0.5 1 ; 0.5 1 1.5 2

pitl wpiBe comt N LLnsLE BTk et A

D..:-d.nhul o HEII-].I: I.J|. 1aIL-|.1I.'ILI| 'n'l.l].'llFl'l].l:l- |Dl:g1'rl_l_ of [recdom

BRI R b Bl e T - B Pl - o o Bl Bl B e ™ o Bl x T e " T W 7 o H i BN =

lf_:.suhh1.JJ: | F'.-L':l:.-".-.hﬂt!-ll | Mean 1. varkmtee o

e b e T PTTTEST N FEECTE Lol o e e o B T LT

Binomial | Binary 10« p <]

Lo b ) R e - FEE =Tl e o

_I'uin.:..un | Monnegtive infeger |IL|.l:.' A

""lL'-]-_d.'I.I'-L- brincrninl Notinegalive inleper

= B i EEEERIEO I1 = ol B e B Rl AT T (e,

['U:l'.-'-.L'-'-"'-'LLl"-. ell-Poisson (Stey OrSCH) A1 &) | Notinegative nleper

B J----’i"\—-l-'- ol et ol S malllennt® il - . e e e ™ B TR - ol e e B Rk Bl T ol

GI:I!LI.I..-.IJJ.r'.LIj G.Jm'.-u..m l:':_'ld.L'l el al. 20116) Motinegative inleger I.-'...I..‘I' |

e i e W e B e R B - - — — - - B ol e e B Rk Bl T ol e S




Computational goals

1) Uncovering latent structures or neural representations in task
behaviors, and establish their connections to behavioral
measures

Explain the neuronal response variability (e.g., Poisson to doubly
stochastic)

Manifold learning and dimensionality reduction (task-relevant
information)




Latent variables

* Purpose: characterize unobserved random, or deterministic but
unknown, or missing variable that represent either quantitative or

categorical information (e.g., membership)
e Continuous or discrete or mixed

* Degree of unknown is characterized by the uncertainty (confidence
intervals, probability distribution)

* Time is the essence: embedded in stochastic processes (Markovian,
Gaussian, Poisson, Cox, ...)




Neuroscience applications

time

Mewanent
anset

* Dimensionality reduction and visualization

* Inverse problems: decoding, deconvolution,
denoising

* Detection of change points or seizures,
prosthetic control

* Data compression, augmentation

* Account for response variability: Variational Autoencod_er
common input, top-down attention,

=
L

modulatory input Encoder | | H

—
Encoded

' distribution . )
Inp ut (mean and variance) Reconstruc et

vector input




PPCA and factor analysis

p(z) = N(z|0.1)

A~ ’, 'PCA: uniform prior on
p(x|z) = N(x|Wz + p,0°1) the subspace

. PPCA: Gaussian dist.
p(x) = [ plx|z)p(z) dz _

= N(x|p,o°C)

Factor Analysis
W: non-orthogonal
Noise variance A: non-isotropic




State space model (SSM)

a) dynamic latent continuous “state”
b) statistical characterization of spatiotemporal neural observations

X, = f(x:. |, We) state equation for P | x4 1)
v = g(Xu Vi) observation equation for P(v: | x)

Simple example: linear dynamical systems (LDS) or linear Gaussian dynamics (Kalman filter)

Ao =AY+ Bug +mpe g,

¥ = Lx; +Du; + v,




Recursive Bayesian estimation

Posterior estimation
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One-step state prediction (Chapman-Komogorov equation)
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Generalization: Switching LDS (sLDS)




Recurrent switching LDS (rsLDS)
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(Finite) mixture models

Purposes: density estimation, clustering,
dimensionality reduction

* Mixtures of Gaussians / t-distributions

N datapoints of
dimension D

K
PE&) =) mNE|p:, T
i=1

1
Nf(.Er‘%i-Zr'):. D

— X ——i
(2-;1-)?|2fﬁ t\})( 5:‘

i }(gu‘ - Pw))

* Mixtures of factor analysis (MFA)

JWd
8t 0 <me <1 Z i =1

m=1

o N{Gmxi i dm1 ﬂ-m}

Input Dhetmbution

Density Modal
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GPFA (Gaussian process factor analysis)

Two-stage methods

Spike trains

{

Spike binning
Square-root transform

Smoothing over time
" |
I

Dimensionality reduction

Low-d time series

X ™ N(0, K;)
y..|x,~N(Cx, 6 +d,R)

GPFA i by — ;) ,
K!'(Ili IZ) = Oy, exp(_( ]2 1.‘) ) + U;.i'ar,,rg

T:"

[}

Spike trains

@ Target onsat
e Gocue
- y : e Movement onset
Spike binning
Square-root transform
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Low-d time series




Hidden Markov model

* Mixture model 2introduce latent state dynamics (Markovian)
e Stochastic observations: multinomial, Gaussian, Poisson, ....
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EI="|I|[ llitllt]ulu.l :H:‘”t ||I|'||I|.I|I|“|.| m:nlr 'S II:ll'n||'i I I:“I “ . it
I |

H mmn i ! i E I nm Ill hl
IHII‘IIIIIIIIIIII II? il || ’IIIHH | 1. T UN D (R

BUETUANEIN TH IO L [ B W | Irlln

LU R I i wp I N Hm iR

EEOBNIENIT ) mED EEED BRIOD OB U WEE R Wi EF W0

OO LR R L Mimm Im MmN Yms e morm veyE TRH 0 Gwgrom
I[NNI AR . n IIIII URLL D B UML) e | NI [ i WERY HNR
mi e Ny | if | (I 1 D iy il mmm |
HP RS WACTEmRl ) Ll | 0 RIEIE ik I EiRe |l
VUA rllﬂn IIIIIIIII1 n I |y 4 1IIIIE]1=! | I“Id= i i II lI
§ il 1
h{ = X I
lf- I|| II' | |- I I-l.ll

e Examples:
Trajectory decoding
UP/DOWN state detection

sleep staging




Mixed latent variable models

Continuous

PPCA, FA Mixture Mixtures of FA
models
(GMM)

Dynamic LDS, GPFA, HMM, HSMM Switching LDS
LFADS Mixture of GPFA
HMM-GPFA




Energy-based latent variable models

* Exponential family Restricted Boltzmann machine (RBM): static data
Welling, Rosen-zvi, Hinton, NIPS2005

Boltzmann Machine
4 hidden nodes

).wk 4 visible nodes

Pd - N,

TR
\Lk?f'

Visible-visible and hidden-hidden connections

Visible-hidden connections




Likelihood inference

* Likelihood: Probability of data as a function of the parameter is
the likelihood of the parameter 6

* Observed data likelihood: p(Y|X,0)---- ML inference
* Complete data likelihood: p(X,Y|©)

* Expected complete data log-likelihood: E[log p(X,Y|0)] --- EM
algorithm

* Marginal likelihood: p(Y) --- VB inference




Homework: EM algorithm for HMM

* Baum-Welch algorithm for model estimation

* Viterbi algorithm for inference (dynamic programming)
Continuous Discrete
output -:Jutput
bj(k) = flog = v | @z = 3) bj(k) = Plog = vg | ap = # Obssrvaiion

ha (1 balk
:HE-]I 21[.(]} / 7 7

aij = P(qi+1 =7 | @ = 1)

e cscsmmaska= fcsdmae dliat dhca e cshabas TTRARAE soulale clibh an o camembkimes masm =1l P TS skt mamm Flaley T . c@Gekli = =0 =




Bayesian inference

* Mean field approximation

p(Z.0|Y) = p(Z]¥)p(8|Y)
PYIZ, GplZ)ple)
- piY)
_ plYiZ, 0)ptZ)p(h)
[ [ plY|Z, 0)p(Zypl0)dZds

* Marginal likelihood (“evidence”)

plY) = f f f plY|X. Z, 0)p(X)p(Z)p(0)dXdZd40




Gaussian (Laplace) approximation

* Saddle-point method __
e Taylor expansion around the mode at log-likelihood

10%1n f(x)

2 O3

JIn f(x)

i
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First-order Laplace method

* Procedure

(1) find a local maximum @4« of the given pdf f(x)

1
f”f-rma:iﬁ.'

(2) caleulate the variance o2 = —

(3) approximate the pdf with p(x) ~ Nzpasx. 7]

Koyama et al (2010) J Amer Statist Assoc




Variational Bayes (VB) approximation

Optimization: maximize the lower bound of marginal (log) likelihood

logp(¥) = lugfdﬁfﬂpfﬂlpiz- Y|9) 0): prior distribution

Z, 0) variational posterior dist
q(Z,0)) free energy

gl Z, &)

p(
- ]Ug[d{f[dzq[zlﬂlpfulﬂlz. Y1#) SEZ,Yle): complete data likelihood
F(

plp(Z, ¥id)
glZ, i)

> fdﬂfdfql;.?.’.ﬂ'ﬂug

= (m; n(Z. Y. m} o+ HNZ,0) = F(G(Z, )
f

VB-EM algorithm:
VB-E step:
VB-M step:




State-space model for Bayesian decoding analysis

Position

70
Place receptive fields
3 35 N
0
0 35 70

:J{.‘Mj

Sorted Spikes Vu
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fin)

Encoding analysis
Supervised

Decoding analysis

Fis)

Brown et al. (1998) J Neurosci
Zhang et al. (1998) J Neurophysiol




State-space neural
encoding & decoding
analyses

Brown et al. (1998) J Neurosci

State equation:
x(ti) — x(ti—1) ~ N(O, W,(A)); (8)

Observation equation:

fAEk(e), 1) = [ [ANTx@)IATO AT “exp{~XTx(e)]AT6 (BT (9)

One-step prediction equation:

2(tti—1) = X(trftior); (10)
One-step prediction variance:
W(tilti-1) = W(Ar) + W(ti|ti-1); (11)
Posterior mode

C

x(telty) = [W(telty—) 7t + 2 AJ[x(e), 6(A)IW T

c=1

C
X [W(tdte-n) " E(tltiy) + D, ALR@]8), 0(A)IW" ]

c=1
(12)
Posterior variance:

c

Witdt) = [W(tdte) ™" + D, ALE(t8), 6(A) W

c=1

C

+ Z AR (et ) JATO (A IW (R (1t — o) Gty — ) W7,

c=1

(13)




Bayes' Filter Linear

D-1588c

30 - 45 sec

Brown et al. (1998) J Neurosci




HMM decoding hippocampal population
codes

Chen et al. (2012) J Comp Neurosci
Chen et al. (2014) Neural Comput

Unsupervised {

state transition matrix

virtual
state trajectory

———— e w— w1,

B v

£ ¥

P reflects the animal s behavior
constrained by spatial topology

Finite state S;: position {1,..., m}
State-transition matrix P: m-by-m
Tuning curve A: m-by-C matrix

state field matrix

Yt ~ Poisson(Ag ; S¢=i)




Bayesian Inference

e Likelihood inference is inefficient for small data sample size; need to
impose structured priors onto the constrained solution space
(m?+mC+m)

» Bayesian inference: assume a factorial posterior and conjugate priors

qg(w, P,A.S1.7) = q(7w, P, A)q(S).T)
~ p(ﬂ- P, A, Sl:T|F1:T}

p(Si|w) = Multinomial(S,|w),
p(8¢|Si—1,P) = Multinomial(S,|Ps,_,.),

L
P(y:|St, A) [] poisson(ye:|A-s,).




Bayesian nonparametrics

* Automatic model selection

* Nonparametric Bayesian: infinite HMM (m> oo; hierarchical
Dirichlet process) and HDP-HMM

Linderman, Johnson, Wilson, Chen (2016) J. Neurosci. Methods.
Chen, Linderman, Wilson (2016). Proc. IEEE MLSP




Rat open field data

47 hippocampal neurons, 9.8 min recording, 1 m diameter

Location Trajectory Empirical Location Distribution

Data: Loren Frank & Matt Wilson




All states State 1 (5.7%) State 2 (4.0%) State 3 (3.7%)
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Place fields vs. state fields

Infarred Place Field 1 True Place Field 1 Interred Place Fisld 14 True Place Fraid 14

Inferred Place Field 29 Inferrad Place Fiald 39 True Place Fiald 38
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Figure 6. Decoding M1 population activity. (A) Pinball task. Recanstruction of 6-dimensional kinematic state: true (dashed) and
reconsiructed (solid) kinematic variables. Only 21 s of test sequence are shown, (B) Pursuit tracking task. Reconstruction of hand
position on a few test trials: true (dashed) and reconstructed (solid) hand trajectories. (Adapted from [38] with permission, @ MIT
Prass, 2005). {Figure courtesy of Dr. Wei Wu at Florida State University).




Likelihood: Gaussian =2 Poisson

* x.={M,, V,} denotes 3D hand position and velocity (6-dimensional)
e Generalized linear model (GLM) in the likelihood function

* Learning and Inference: Gaussian approximation, particle filter
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Brockwell et al. J. Neurophysiol. 2004, 2007
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| M) Check for updates

Modeling behaviorally relevant neural dynamics
enabled by preferential subspace identification

Omid G. Sani®', Hamidreza Abbaspourazad @', Yan T. Wong?%, Bijan Pesaran®2 and

Maryam M. Shanechi ©"34%

Behaviorally
irrelevant states

\

Recorded Kalman filter

neural activity (y) )
- Mouse Spike

Zf (Future

/ — ‘7: behavior)

Yp
(Past neural activity)

I

recorded neural activity
Behavior of interest (z)

- Movie Frame

other states

Behaviorally relevant states

signals Y= Cy.a' + v,

Neural : = A ke Wi
z, =C,x, + €

Behavior

Regression
)

Decoded Behavior




Detection of acute pain onset

Observed ensemble spike counts

d
- i Neural decoding
‘-—"'.‘_.H_d_‘_- |
@ Neurofeedback )D( g ..__@_(pain onset detection)

pulses

m CLOSED-LOOP ng_uronal poEL_J_I_ation activity
= Latent variable model: PLDS

Latent dynamic state sequences

Zp=0QZy-1+ €y

/&EUT& recording = CZp— d
& spike sorting yi ~ Poisson (exp (i) A)

.‘/\

Inference

Zijk-1= QZk- 1|k~

Qrh l=ﬂ‘lﬂn L& [+ o

Yiju-1= exp(czye 1+ d)A
Quli= Qufi 1+ ¢ diag(¥ue-1)e
Zile = Zplw-1+ Qepr© OFk— ¥ilo-1)




P(Zscore > 2 1r) = 1 — P(Zscore < Zy7)

° . — rar ] #
Pain detection =1 [ Lt
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Figure B. Detecting acute thermal pain signals. (A) neuronal ensemble spike counts (12 single units) from the rat 51 area. Bin size
50 ms. Color bar indicates spike count, with dark color representing high spike count. (B) Estimated mean Z-scare (blue curve)
from the smoothed state estimate z.:; . Vertical red line indicates the animal's paw withdrawal-—an indicator of acuta pain behav-
ior. Horizontal dashed lines mark the thresholds of significant-zone. Shaded area marks the conhidence intervals. (C) Equivalent
P-vajue derived from the mean Z-soore (blue curve) of panel B (Adapted from [63], © |EEE, 2018).
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Variational autoencoder (VAE) and deep VAE

Variational Autoencoder

S Yt —f

. _ ,r /
qs(z|x) l /" po(x|z)
Encoder ¥ Decoder
Network x ) Network

—
N
;

Minimize: Dk r[qes(z]x)||po(z|x)

pa(x|z)pe(z)

Intractable: po(z|x) =
po(x)




pi-VAE: latent variable model of neural activity

while simultaneously modeling the relationship
between latent and task-relevant variables

a | Regression-based :

Latent-based
e.g. tuning curve

“ _l-i_yfarid_apbr.bac_h -
e.g. vanilla VAE e..g, our model
pla|u)

p(z|z) o p(z|u) p(z|z)
D20 DENEWE

latent observation

label latent  observation '

latent space s 2 . .
P o firing rate spike train

injection

Poisson

neuron |

o / ﬁ —»
neuronj *

latent 1 - =

Neuron #

Zhou and Wei, NIPS 2020
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—  pi-VAE
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pi-VAE
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decoding e reaching speed
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Generative Al: self-supervised learning
approach for generating neural activity

Enc

Content

Style

|

_3.[

]—

Dec

Liu et al., NIPS 2021
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Control N Perturbed
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 Latent spaces cannot be
directly compared

Low-dimensional
manifolds
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. ) ° ~, —
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dimensional neural & \ /
recordings ¥V ¥y
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[ Dimensionality
J reduction method

Ham, Lee, Saul, ICML'2003, UAI'05 (D
Dabagia et al., Nat. Biomed. Eng. 2023 b \ "
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Stabilization of a brain-computer interface
via the alignment of low-dimensional spaces

of neural activity
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Latent model + nonlinear manifold embedding (VAE, DNN)

Learning: unsupervised, self-supervised (masking)

Encoder \ 388
MLP

g Step2
!  Decoder “Encoder Kalman filtering

,: Kalman prediction
MLP © MLP

and update

Manifold
latent :
factor

Initial dynamic

Dynamic latent factor

latent
factor

Abbaspourazad et al., Nat. Biomed. Eng. 2023

Encoder

MLP

Kalman prediction
and update
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VAE-GP-HSMM

High-dimensional time-series data : S
A

Observed value

b f | b f
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Decoderi VAE lEnmder

Latent space

> Time

Classes (Gaussian process)

Nagano et al., 2019




Mamba: control theory-inspired State
Space Model (SSM)

A

H Computation J

Linear
projection

SSM Communication
Sequence é T
transformation CD

Conv

Nonlinearity
(activation or

multiplication) Computation J




Take home messages

» Low-dimensional (dynamic or static) latent variable models provide a
powerful framework for analysis of high-dimensional neural data
(while simultaneously modeling behavioral data): inter-trial/subject
variability

* Generative vs. discriminative (or energy-based) models

* Learning as an optimization problem, whereas inference as an
inverse problem: latent source estimation, source deconvolution,
detection




Software source

e https://github.com/lindermanlab/ssm
e https://web.stanford.edu/~swl1/

* https://probml.github.io/ssm-book/root.html




Homework: Training an HMM to infer animal’s
position from hippocampal spiking activity

* Derive the EM or VB algorithm for latent variable models (e.g., HMM,
mixtures of factor analyzers)

* https://direct.mit.edu/neco/article/26/1/1/7932/Neural-
Representation-of-Spatial-Topology-in-the

* https://zenodo.org/record/5527940

e https://s-shinomoto.com/hmm/
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