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The size of neural datasets is growing
exponentially

Doubling Time: 6.7 £ 0.3 years (n=87)
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Key challenge: Understanding circuit
function across multiple timescales.
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We propose to represent data as a three-
dimensional array (i.e., a third-order tensor)

trial 1 trial k trial K

neurons

neurons

dimensions ~ (1000 x 1000 x 1000)



Estimating firing rates on single trials
Is challenging
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Key idea: single-trial dynamics don’t vary
arbitrarily, but exhibit systematic variability.

Gain / Amplitude Modulation
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Both ideas can be formulated as statistical
models and related to existing literature

Gain / Amplitude Modulation <€ >  Tensor Decomposition
(7)) ,l:\/\/\/v
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Tensor decomposition can be viewed
as a simple generalization of PCA

PCA / matrix decomposition
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Williams et al. (2018). Neuron, 98(6): 1099-1115
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Tensor decomposition can be viewed
as a simple generalization of PCA

PCA / matrix decomposition CP Tensor Decomposition
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Unsupervised Discovery of Demixed,
Low-Dimensional Neural Dynamics across Multiple
Timescales through Tensor Component Analysis

!!!!!

Mark Schnitzer,*>7:%1° Tamara G. Kolda,'? and Surya Ganguli#67:8*

Learning in Motor learning in Navigational strategy
Artificial RNNs nonhuman primates switching in mice

Williams et al. (2018). Neuron, 98(6): 1099-1115



Unsupervised Discovery of Demixed,
Low-Dimensional Neural Dynamics across Multiple
Timescales through Tensor Component Analysis

Alex H. Williams,'-13* Tony Hyun Kim,? Forea Wang,' Saurabh Vyas,?® Stephen I. Ryu,?'1 Krishna V. Shenoy,?:3:6,7,8,9
Mark Schnitzer,*>7:%1° Tamara G. Kolda,'? and Surya Ganguli#67:8*

Learning in Motor learning in Navigational strategy
Artificial RNNs nonhuman primates switching in mice
O
O
4 onset of learning )
5 0.2 0.25 o ©
] I } LQJL::'?;
0, Ll il et et () () mO.oo . 2.5 :
0 It2_5 " 0 time(s) 2 0 t48| 96
k MUITIUNITS ImeLs rlals j




Both ideas can be formulated as statistical
models and related to existing literature
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(data collected by A. Dhawale, Harvard)



Temporal variability obscures structure
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Warping functions model timing variability

warping functions single-trial
o Ping estimates
£ -
shift-only % trial 1 —
= . trial 2 m—
5. | | , , . trigl 3 —
clock time
response
template




Warping functions model timing variability
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Warping functions model timing variability
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Warping functions model timing variability
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Warping functions model timing variability
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Warping functions model timing variability
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Time warping discovers oscillations In
two different animal models
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Summary
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