Biologically constrained deep neural networks to parse visual computations ) KA
In the primary visual cortex ¥ MARYLAND

Eﬂ E PROGRAM IN

Laboratory of Matthew Jacobsen’, Jacob L Yates®, Bevil R. Conway?" Daniel A. Butts" Rﬁﬁg NEUROSCIENCE &

Sensorimotor Research
National Eye Institute (NIH) &% T COGNITIVE SCIENCE
neurotheory.umd.edu

'Program in Neuroscience and Cognitive Science, University of Maryland, “Laboratory of Sensorimotor Research, National Eye Institute, National Institutes of Health,
3Herbert Wertheim School of Optometry and Vision Science, UC Berkeley, co-Pls

Introduction Functionally-inspired model architecure Model infers spatiotemporal properties of Conclusions

magno- and parvocellular LGN pathways " S | | | |
Our understanding of how computations are implemented by visual circuits is still limited by our Model architecture inspired by the functional anatomy of g p p y 1 . Flttmg d general core” model using multlple experlments IMProves performance

ability to characterize the complex nonlinearities present in the system. Deep convolutional neural the early visual system: by learning generalizable computations shared across neurons.

networks (CNNs) have been able to capture the nonlinear computations represented in neural re- We constrained the first layer of the CNN to have a smaller number of subunits.

sponses in complex stimulus contexts, but thus far there has been no clear way to relate their : : : : Choosing exactly four subunits resulted in extremely consistent fits, compared NP . . . . : : : : :
ability to predict neural responses to an understanding of the function of neurons they successful- . First layer bottleneck inspired by retina/LGN with 3 and 5 subunits (shown across different model initializations). | Biological constraints yield CNN internal units with classical properties of LGN

ly model. . Spatial convolutions to capture similarity in computation across position | inputs to V1 (M- and P-cells)

. . Orientation convolutions after the first layer to capture the similarity in
How can we use CNNs to understand neural function? . computation across orientations within V1 a8 A1

L . - Biologically constrained CNNs also derive Push-Pull combinations of LGN inputs
| | o ) Units in the network obey Dales Rule: only excitatory or inhibitory
Here, we exploit known facts of the visual system to constrain build an “interpretable” CNN, and

) : b . onto V1 input layers
present strategies to characterize the complex computations performed over the population of re- - “Computational scaffold”to model neurons recorded across cortical layer = w P y

corded neurons in primary visual cortex (V1).

Computational barcodes provide a means to characterize more complicated
processing across V1 neurons

The visual pathway Anatomically/physiologically constrained Network operates as follows:

Convolutional Neural Network (CNN) 1 . Stimulus is spatially con- 7)) Output of this processed by Space and orientation di-
* volved over by bottle- " filters that are rotated with ° mensions are preserved

Retina/LGN  V1: Deep nonlinear necked initial layer. 6 different orientations in each subsequent layer The resulting filters were not oriented, and Magnocellular (M-cell)

bottleneck Spatial and orientation convolutions (30 degree increments) [see 4] (3-d convolutions) example from [6]

Primary | resembled the spatiotemporal properties of
visual R

Cortex i | Sharec parvocellular (monophasic and smaller) and

Compuationsl N magnocellular (biphasic and larger) LGN parvocellular (P-cell Computational bar codes as a means to characterize
| example from : .
— neurons 181 e RETOME neural function at the population level
adapted from Sanger and Wallisch N\ ) Neuron-specific

(It o Psychology) | readout ‘ i We represent each neuron’s computational barcode across orientations. Using a

l l l l l l l l l l l l l l l | P-on subunit M-on subunit Magnocellular-like subunit form of sparseness regularization (similar to L1), neurons typically concentrate their
filter connectivity at orientations that best matches their preferred orientation.

predicted neural responses e , /\
, . : . Example neuron
. SN - N GQM filters

S arcmin 0 48 96 144 192 48 96 144 192
All ded i - Linear (L
hsadinsbasht Time (ms) Time (ms) f”s:e?- tuning independent of the

MethOds ' P-off subunit . M-off subunit . CNN (and.not requiring the

cell to be linear), we use

' /\ Quadratic the Generalized Quadratic
Electrophysiology Recordings were made in primary visual cortex (V1) from an awake macaque using Computational bar code [5] for 1 neuron ¢ : i i filter 1 (Q1) Model (GQM) [10]: an
a 96-electrode Utah array embedded in foveal V1, while the monkey passively fixated over | ' L NLN cascade model that

0 48 96 144 192 ) 48 96 144 192 Quadratic has one linear and two qua-
Time (ms) Time (ms) filter 2 (Q2) dratic components.

To determine orientation Computational barcode (Electrode 10, Cell 5)

30°
60°

Stimuli We presented color-cloud stimuli, which is spatiotemporal white noise updated at 60 Hz (with a 90: )
120 Hz monitor refresh), with each frame band-passed in the range of 6-30 cycles per degree to 1207

optimally drive foveal V1 responses. The stimulus was constructed in DKL space, with an 07 | - — - - - The resemblance of the i“pUt Iayer of our CNN to known LGN Cell barcode orientation preference matches the orientation identified by its receptive field.

uncorrelated stimulus frame in luminance, L-M, and S-dimensions, but here we only considered

the luminance dimension, which primarily drove V1 responses. Pixel size =1 arcmin ~ 1 cone. Filter number Observed | pathways faCiIitateS interpretability in the neXt Iayer Of the CNN

spike times

experiments, which yielded 598 units (with 306 single units).

4-sec trials for a juice reward, as previously descrlbed [1]. Our CNNs were fitusing data from four 0° 1 " lll il | Predicted firing rate for 1 neuron

Filter number

Orientation
Firing rate

Validation: functional similarities expected for neurons recorded on the same chron-
Model-based eye Although the animal was fixating, small shifts in eye position due to fixational eye movements

tracking required shifting the stimulus fed into the model. We inferred these eye position shifts using a 4. The prediction for each neuron re- Model is fit to bredict the ob ; ically implanted electrode (both within a given experiment, and over multiple days)
model-based eye tracking procedure based on neural activity, as previously described [1]. ’ sponse is readout at a given spatial 5 Oketls | Ofpr”e IC de g Serve
position [3], sampling sparsely from :Elroess":fsecr)m?enr’;cor ed heurons
Data organization particular locations within the three V1 P

layers. S pati al fi Ite rs i Nn secon d Iaye r (at its preferred orientation of 90°)

of | | I
Ike-tri Expt 1
Spike-triggered averages , Expt 1 I xpt

have RFs resembling those found in V1 i T

Barcodes for electrode 10 across units & experiments Barcodes for electrode 30 across units & experiments
(at its preferred orientation of 60°)
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Model predicts neuron’s Rp. . . . . SannEER . -
- P ' Subunits in the second CNN layer integrated spatially over the 4-subunit '‘BEE BEB o ! Expt 4

Time rece ptive field well types from the first layer. This resulted in 4 spatial maps for each layer-2 10 i 104 Expt 3

Predicted Filter number || ] Expt 4
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Utah array
96 contacts,10x10. Responses from V1 recorded in day-long Responses L

400 um spacing experiments. Experiments combined together T — . . . . . . . . . ...........
* fovea to fit core model with large numbers of cells. Q1 . . . . . . . .
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Convolutional neural networks (CNNs) of various configurations were fit using using PyTorch. Parameters were ©
fit using stochastic gradient descent (the AdamW optimizer to maximize the regularization-penalized population

Poisson log-likelihood (per spike) given by Com putati on al C O re acro s S -_ = Barcodes for electrode 24 across units & experiments GQMs from the same probe

subunit, specifying how it combines ON and OFF, and M- and P-like, inputs.

Maximum a posteriori (MAP) estimation of CNN parameters [2]:

_Jpop = Z N(Z Zd [Rgzbs ) logy 74 (t) — 14 (t)] — (regularization penalties) o _ . . . . . . . . . . ! L f E))((pt 1 L .......
spk t mUItlple datasets . Model performances | Exzttz o1 .......

where 7/(¢) is the model predlcted firing rate, and d.(f)= 1 for all time points where there is recorded data for
neuron i, and zero otherwise. Our network consisted of 4 convolutional layers consisting of filters, batch-norm, ' ® 220707 . | .......
and a ReLU, and followed by a final “readout” layer with a softplus activation function. The readout layer sam- We compared performance for the CNN fit to 4 0045 ® J220722 Push puII arrangement of LGN InPUtS ! Expt 4 e

pled from a single spatial position in the network for each cell [3]. We constrained the readout weights to be posi- experiments at once, compared with to the ' o 220715 2 V1 simple cells can reconstruct linear response proper-

tive, and half of the units in each level were made to be “inhibitory” by multiplying their output by -1. same model fit on each experiment separately. 004 | o 1220801 Cubunit O ties by combining ON-excitation with OFF-inhibition (and Not all electodes have similar units on it.
' vice versa) [7].

We show the outcomes for 5 initializations of

each model (single vs. shared).
Push-pull (P-only) Here we used a “barcode” similarity metric based on orientation-per-
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o Excitation A metric for CNN interpretability based on barcode similarity?
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