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Neural system identification for large populations separating "what" and "where"

David A. Klindt, Alexander S. Ecker, Thomas Euler, Matthias Bethge
(Submitted on 7 Nov 2017 (v1), last revised 29 Jan 2018 (this version, v2))

Neuroscientists classify neurons into different types that perform similar computations at different locations in the visual field. Traditional
methods for neural system identification do not capitalize on this separation of 'what' and 'where'. Learning deep convolutional feature
spaces that are shared among many neurons provides an exciting path forward, but the architectural design needs to account for data
limitations: While new experimental techniques enable recordings from thousands of neurons, experimental time is limited so that one can
sample only a small fraction of each neuron's response space. Here, we show that a major bottleneck for fitting convolutional neural
networks (CNNs) to neural data is the estimation of the individual receptive field locations, a problem that has been scratched only at the
surface thus far. We propose a CNN architecture with a sparse readout layer factorizing the spatial (where) and feature (what) dimensions.
Our network scales well to thousands of neurons and short recordings and can be trained end-to-end. We evaluate this architecture on
ground-truth data to explore the challenges and limitations of CNN-based system identification. Moreover, we show that our network
model outperforms current state-of-the art system identification models of mouse primary visual cortex.
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with data from a single network at a single point in time. We model the network formation as a sequential
process where in each period a single randomly selected pair of agents has the opportunity to form a link.
Conditional on such an opportunity, a link will be formed if both agents view the link as beneficial to them.
They base their decision on their own characateristics, the characteristics of the potential partner, and on
features of the current state of the network, such as whether the two potential partners already have
friends in common. A key assumption is that agents do not take into account possible future changes to the
network. This assumption avoids complications with the presence of multiple equilibria, and also greatly
simplifies the computational burden of anlyzing these models. We use Bayesian markov-chain-monte-carlo
methods to obtain draws from the posterior distribution of interest. We apply our methods to a social
network of 669 high school students, with, on average, 4.6 friends. We then use the model to evaluate the
effect of an alternative assignment to classes on the topology of the network.
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Motivation

data_slice_2 = Fpparams)(data_slice_|) determine params

\/ from pair of linked

data tensors

But how?

Key fact: Amazingly enough, there's a generic “one-size-fits-
all” method— If sometimes suboptimal — for building and
training models.
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Motivation

Goal: Find F and parameters @ such that:

dat a9 — F, 0 (datal ) determine params

\_/ from pair of linked

data tensors
Loss Function:

L(datay, Fy(datay))

such that

L(x,y)=0 <& zx=xy

For example (but not limrted to):

L(datas, Fy(data,)) = ||datas — Fp(dataq)||3
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option |:try many options ... pick the best

loss

“Exhaustive’” or “grid” search

loss(6p)

(9 parameter space
0

pros: guaranteed to eventually find best minimum; numerically stable

con: Infeasible. exhausting. (takes forever)
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option 3: follow the (negative of) the loss gradient

(9() — 90 + A6
0ss(Hg |
loss (fy) Ao O 022(9)]
0=0
é() parameter space

we'll see more

pros: efficient f\ on this topic shortly

con: local minima problem; not necessarily numerically stable
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Tensorflow slides and related code notebook

3. ... and when that's done, come back here and
follow the optimization code notebook
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Gradient Descent

Main problem with gradient-based optimization: instability

loss

Oy — 6o + A6

é-’/\AH _ . O|loss(6)]
. '> 00  |g_p,

“learning rate” < |

6:) parameter space
0

simple solution: take smaller steps

Pro: more stable Con: 1f you pick LR too small, converges slowly
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Gradient Descent

There are multiple improvements on Gradient Descent. One is called the
"Momentum' method

Original gradient descent:

Af = —X- Vylloss(0)|]y_,

f\ momentum parameter

AO = —X\-|Vy[loss(0)] l9—g, T - grad_accum|

update grad_accum to this for next time step

Momentum method:

Pros: faster, stabler convergence. Cons: nothing (relative to not doing 1t).



Gradient Descent

Amazing explanation of why momentum Is so good:

https://distill.pub/2017/momentum/

Qurs: Thelrs:
A 8

v 5

"Here's a popular story about momentum: gradient descent is a man walking
down a hill. He follows the steepest path downwards; his progress is slow, but
steady. Momentum is a heavy ball rolling down the same hill. The added inertia
acts both as a smoother and an accelerator, dampening oscillations and causing us
to barrel through narrow valleys, small humps and local minima. ...."
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Gradient Descent

& = \ @ Secure | https://www.tensorflow.org/api_guides/python/train#Optimizers e \ ] QE] U]
TenSOrFIOW ™ Install Develop APIr1.8 Deploy Extend Community Versions
Variables Tra | n | n g
Strings
Summary Operations tf.train provides a set of classes and functions that help train models.
Testing
TensorFlow Debugger
Threading and Queues Optl MmiIZers
Training
Overview r1.8 The Optimizer base class provides methods to compute gradients for a loss and apply gradients to variables. A
»tf collection of subclasses implement classic optimization algorithms such as GradientDescent and Adagrad.
+ tf.app
 tf bitwise You never instantiate the Optimizer class itself, but instead instantiate one of the subclasses.
fal e e tf.train.Optimizer
» tf.contrib
e tf.train.GradientDescentOptimizer
+ tf.data
» tf.distributions e tf.train.AdadeltaOptimizer
© e tf.train.AdagradOptimizer
+ tf.estimator
e e tf.train.AdagradDAOptimizer
- tf.gfile e tf.train.MomentumOptimizer
' th.graph_util e tf.train.AdamOptimizer
+ tfimage
o e tf.train.FtrlOptimizer
+ tf.initializers
+ tf.keras e tf.train.ProximalGradientDescentOptimizer
RS e tf.train.ProximalAdagradOptimizer
» tflinalg

e tf.train.RMSPropOptimizer

» tf.logging
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Differentiate by Ax:
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Second-Order Methods

Taylor series for function f: r = x9+ Ax

20, Ax) = f(ao) + f(z0) Az + %f”(xo)AxQ b

Differentiate by Ax:

5’f(:1;0, A(E)
OAzT
Set to 0 and ignore HOT:

— f/(ili‘o) f”(xo)ACE’

0= f"(x0) + f"(x0)Ax

Solve for Ax: really correct value for
2 learning rate A

Az = —f'(z0) -

f// (CBO)




Second-Order Methods

Taylor series for function f: r = x9+ Ax

20, Ax) = f(ao) + f(z0) Az + %f”(xo)m? b

Differentiate by Ax: Newton-Raphson

af($(), ACE)
OAzT
Set to 0 and ignore HOT:

— f/(il’fo) f”(ﬂ?o)Ax

0= f"(x0) + f"(x0)Ax

Solve for Ax: really correct value for
2 learning rate A

Az = —f'(z0) -

f// (CCO)




Second-Order Methods

Taylor series for function f(xI, ... Xxn) of n inputs:

1
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Second-Order Methods

Taylor series for function f(xI, ... Xxn) of n inputs:

1

f(Zo, AZ) = f(Zo) + V[ (Zo) * AT + o (H[F] - To

matrix-on-vector

) * Ax® + ...

df df tiplicat
the gradient Vi=|[=-,..., = multiplication
5’561 5’.@”
the "“hessian” [ > 3Qg -~ anf . 8281‘ . an‘)f
, 5131 X1 5131 o 5131 I3 10T n
Matrix 52 7 52 I 52 ’ 82f
H[f] . 821328%1 8:1328:1:2 851328333 8x28xn
shape = 0% f 0% f 0% f 0% f
(n,Nn) L0z, 01  Ox,0xs  Ox,0x3 Ox .y, OL 1, —




Second-Order Methods

Taylor series for function f(xI, ... Xxn) of n inputs:

f(Zo, AT) = F(0) + Vf(Zo) * AT + %(H[F]  Fo) x Az £ ...

single variable: multi-variable:

po=-LMOL s A=) Vs



Second-Order Methods

Taylor series for function f(xI, ... Xxn) of n inputs:

f(Zo, AT) = F(0) + Vf(Zo) * AT + %(H[F]  Fo) x Az £ ...

single variable: multi-variable:

n vector NXN matrix N vector

- | 1
Ar — f'(2o) = Alf (H[yl-Vf(fo)

N

matrix inverse matrix-on-vector
mult




[Ipynb: Newton's Method]



External Optimizers

Don't have to use optimizers just from Tensorflow,

... even If using Tensorflow to get derivatives

Really powerful general optimizer for general Python use:

& - C | & Secure | https://docs.scipy.org/doc/scipy/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize vo| §J fg U] ®»

@ SCi Py.Org G ENTHOUGHT

Scipy.org m SciPy v1.0.0 Reference Guide Optimization and root finding (scipy.optimize ) mmm

scipy.optimize.minimize Previous topic

Optimization and root finding

scipy.optimize.minimize(fun, x0, args=(), method=None, jac=None, hess=None, hessp=None, bounds=None, constraints=(), (scipy.optimize)

tol=None, callback=None, options=None) [source]

e . , Next topic
Minimization Of scalar functlon Of one or more variables. p

L scipy.optimize.minimize_scalar
In general, the optimization problems are of the form:

minimize f(x) subject to

g i(x) >= 0, i=1,...,m
h j(x) =0, j=1,...,p

where x is a vector of one or more variables. g_i (x) are the inequality constraints. h_j(x) are the equality constrains.

Optionally, the lower and upper bounds for each element in x can also be specified using the bounds argument.
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def minimize(loss func, x0, optimizer type)

starts at x0, uses whatever specified optimizer to minimize 1loss func
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External Optimizers

def minimize(loss func, x0, optimizer type)

starts at x0, uses whatever specified optimizer to minimize 1loss func

doesn’t use derivative info

def minimize(loss func, x0, optimizer type, Jjac=True)

loss_func must now return both loss and loss gradient:
loss val, grad = loss func(x)

does use derivative info



[Ipynb: Using External Optimizers]



External Optimizers

Target for learning (with 5-th order polynomial model)
y = np.cosh(2 * x) + np.sin(x + )

- | | | | | | | 100 | Loss Wllth Neldgr-Mead |

Not using derivative s}
info: 0}

-20 -15 -10 -05 00 O5 10 15 20 0 100 200 300 400 500
iterations

Loss with L-BFGS

Using derivative:

loss

0 1 1 1 1 1 1 ] " & 4 A A A A
-20 -15 -10 -05 00 O5 10 15 20 0 10 20 30 40 50 60 70 80
iterations



