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Conjecture

We are going to “understand” the brain through the
study of brain-like artificial neural networks (ANN)

—» Challenge : design ANNs that exhibit
brain-like structure and function

Contributions

We introduce the “Poisson Variational Autoencoder’ (P-VAE), a novel '
architecture that draws inspiration from centuries of neuroscience
research and links them with modern machine learning
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Poisson Variational Autoencoder

are likely given a data sample & 7?

Background: Variational Autoencoders (VAE)
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Posterior inference: which set of latents 2
Approx. posterior ¢ that minimizes: Dxkr. (q(z\m) | p(z\w))

True (unknown) posterior:
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Lvar(q) = — Bang(zle) |logp(z[2)| + Dxr. (Q(z‘m) Hp(z)) Loss
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Most common parameterization | p(z) = N(z 0, 1) {u(x), o*(x)} are produced
of VAEs: Gaussian latent space p(x), o’ (x)) by the encoder network
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q(z|lx) =
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Gaussian latents:

\The brain:

Continuous X Unconstrained (both +/- values) ¥

Uses rate coding, encodes inputs into discrete spike counts \//

P-VAE: a VAE with Poisson-distributed latents

Predictive { (interpretation:

T'prior — T

residual parameterization

Poisson-distributed = Pois(z ; Tprior)

representation units)
codin
latent space Y

= Pois(z; 7post. (T)) assumption

Poisson KL-term has closed-form solution!
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Dx1. (Pois(z; r®or) H Pois(z; r))

(see paper appendix for the full derivation)

6] Olshausen & Field, Nature (1996)
/] Rozell et al.,
Kingma & Welling, ICLR (2014)

Higgins et al.,
Vafaii, Yates, & Butts, NeurlPS (2023)

Nature Communications (2021) 6

7

] Helmholtz, Treatise on Physio. Optics (1860s) 8]
9]

1

References

] Adrian & Zotterman, J Physiol. (1926)
Rao & Ballard, Nature Neuroscience (1999)

O s WN =

0] Alemi et al., ICML (2018)

Poisson Variational Autoencoder

Hadi Vafain'~,

X 8¢ @hadivafaii

Dekel Galor,

X @dekelgalor

The P-VAE: Architecture & Objective

Legend
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where we have
fly) =1—y+ylogy

Linear P-VAE = Amortized Sparse Coding

fThe metabolic cost term in the objective is reminiscent of sparse coding.\
To make this connection more explicit, we adopt additional assumptions

Reconstruction term “Metabolic cost’ term

Neural Computation (2008)

] van Hateren & van der Schaaf, Proc. R. Soc. B (1998)

commonly made in sparse coding (SC):
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P-VAE with:
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Poisson Reparameterization algorithm

[Technical challenge: gradient descent with discrete, stochastic Iatentsj

e . . . . Aty Atg Ats Aty
Intuition: think about the Poisson process generating the spike count samples e == =
0 Time 1

Algorithm 1 Reparameterized sampling (rsample) for Poisson distribution.

Input:

P = RBXK
n_exp
temperature

# rate parameter; B, batch size; K, latent dimensionality
# number of exponential samples to generate
# controls the sharpness of the thresholding

. procedure RSAMPLE(A, n_exp, temperature)
Exp < Exponential(\)
At < Exp.rsample((n_exp, ))
times < cumsum(At, dim=0)

> create exponential distribution
> sample inter-event times, At : [n_exp x B x K|
> compute arrival times, same shape as At

> soft indicator for events within unit time
B x K]

indicator <— sigmoid ( - 1—times )

emperature
z < sum(indicator, dim=0) > event counts, or number of spikes, z :
return z

. end procedure
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The P-VAE develops Gabor-like feature selectivity

[Trained on 16 x 16 natural image patches [8], 512 dictionary elements = ® ¢ ]R256><512j

Gaussian VAE (# dead neurons: 401) Poisson VAE (# dead neurons: 5) Locally competitive algorithm (LCA, [9])

(MR RS B R R %ﬁ‘ﬁiﬁjﬁ(ﬁﬁ%ﬁfﬁﬁ*ﬁﬁﬁ o T I[IlﬂWEl\lﬂl!‘llﬂllﬁ‘lﬁlﬂﬂ“l‘lﬂﬂllllﬂilﬂ.llﬂlﬂ SNSEA-SEZIINNENFRANESSNSV/ SINSEE7Z0— 1N
%ﬁ,@é iR T s ﬁﬁ%%%&%ﬁiﬁﬁﬁ@%%@@u% E@@Eﬁﬁ )T A 7 N A I = b S AN Wil Ilﬁﬁﬁﬂﬂasﬁ ﬁﬂg; l%&iﬁ%ﬂﬁﬁ!@s;§=g

7|/ @ 2 E/EEIJEEI
b ,ﬂsl‘lﬁlﬂllﬂﬂ.ﬁ

_le‘ﬁl

,....

-----
ety

| EE | ,WI&IIQE!.‘!AIB =
N ] !l‘k‘!?‘ﬂlﬂlf‘ lflﬁﬁﬂll_mﬁﬁ!
7z NN 2 ) T IIHHIII.IIIWI 1| RIE= Wi~ VINNAR@ZN AN/ NENVA
-IllﬂfllllI-Eﬂ‘gIl HENEEN -ﬂ\}IlIII BEANAZSNENEIR-NSE Nad7
T ] 1 B LR NN SN S !Iiﬂ'ﬂ‘"-ﬁmﬂl Iﬂiﬂﬁi%l\!ﬂl‘lfﬂ'ﬂ.’ﬂﬁ"ﬂﬂ 19
RERPENE SE I REENE I VESZENERERY SEANIZINEFENIEZ S SERIZ) NENERAZZ20%

Categorical VAE (# dead neurons: 4) Iterative shrinkage-thresholding algorithm (ISTA)

GHEAN! |Z8Y EEEE=NEER7Z2NSl7 NES 7/ l./ﬂ'.‘ll%IIIIHIHII]!I&II.'(IFIB“ 7 IIIF!JI
IIlﬁlﬂﬂ.l.ll"Iﬂllllllﬂlﬁlﬂhﬁi A |

I'Iﬁl!l#ﬂl i‘ﬁ? )II&‘NI'I | H

. PINEREERI

l'ﬁ!“

Ilﬂﬂlﬁi I

Laplace VAE (# dead neurons 41 6)
ﬁﬁﬂﬁﬁﬁﬁﬁﬂ’ﬁﬁ% SRR RN T N BT e
RAR IR SIS R SR %ﬁ#ﬁﬁ%ﬁ%ﬁ%*‘ﬁﬂ%@%ﬁ e

i ﬁf&éﬁ%ﬁ @-ﬁﬁéﬁ% ﬁnﬂ% @ﬁ

ey

!‘I
ll
=)
1N
T
|
AN

T
-~

| B
M
BN
ad

~ 7

N |
KER
o
~H
N
4N
N7
S
A
=
—
—
N
L/
-
¥
<

=K

EEEI&&IHHI IEIEIH
.
!:‘l!l%’ﬂﬁ IIIIHIIIHQ_E
N~ I

l‘l‘lll“ﬁliﬂ

NE

']

N
B I S
G T ] !IIII &
; _ : % L P NiEwi=i=Z NBRZ {
i3 ﬁ%@% e o e NI S s
e ﬁﬂ@@ﬁ?@ﬁﬂ%@%ﬁﬁ%ﬁ%@%ﬁﬁﬁ R\ HRZAARI NREHIANT/ NN 7SS NN
L i e AN AN NN RN NN N,
NN =SS ST 1= IS NAZ=NZ A=) NN NI AR BN N SH RN B RV RN 1§

E=E=MNNSVE=ENEE=ZVEZAN_ZQVIEZ RN N2NSRWYZSEFSNZRIE/Z@NRHIZNZV/R ZNNEN 57
NRSSV@VEZ0NSZMWNY/SZZAAZSSNNIRNZZNN 20NN 1 572 1NN DN AN Z N W S Z A2 4 NN WANNZNZ SRV

]
&
N
S B>

@ ll
EESNE=\YSIE
SEREZ//EZ= il
SR/ EENE=NY
S ZMAESRNS

NN VRN L PR
L YN TR

E!LEH'HII%
BﬁEE
N
VAVAZ
E=N
=0
%

Z
)
=
7R
N

SNZIN
LAY

™
=
-
/=
NS
AN
=
TN PR /i ]
\\EEEH!&IEHH%III‘%

S YN

I

The P-VAE Model van Hateren CIFAR16x16 MNIST
ode
largely avoids linear conv linear conv linear conv
the posterior P-VAE 0.9844+.011 0.819+.041  0.999+.002 0.928+.045  0.537+.008 0.426+.011
_ L-VAE  0.188+.000 0.222+.003 0.193+.003 0.230-+.000 0.027+.000 0.034+.002
collapse issue G-VAE  0.218+.003 0.246+.000  0.105+.008 0.246+.000  0.027+.000 0.031+.000

The P-VAE learns sparse representations

[Rate-distortion curves [10]:
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rate « sparsity, distortion < recon. (MSE)]
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Reconstruction performance (MSE) Reconstruction performance (MSE)

Locally Competetive Algorithm (LCA, [7]), inference suboptimality:

" iterative > amortized

a “shallow” model from 2008, )

outperforms heavily-parameterized P-VAE with a convlutional encoder |

Conclusions and future work

* We introduced the P-VAE, an architecture that draws inspiration
from well-established concepts in neurosceice, and integrates
them with modern machine learning.

* The P-VAE encodes its inputs Iin discrete spike counts, thus,
it is one step closer to the brain (but still work in progress).

* A metabolic cost term emerges in the P-VAE loss “for free,”
suggesting a connection to sparse coding, which we verify.

* What we're really excited about, a hierarchical P-VAE with
linear decoders all the way down:

» A sweet spot between interpretable/expressive?
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