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The Promise of Deep
Unsupervised Learning

e Unknown featureS/|abe|S 7 exemplar multiunits responding to 40
repeated trials of natural video in cat V1

)
v

14

e Novel modalities

Arclae

* Exploratory data
analysis

Time /s

[PLoS Comp Bio 2014] [Neuron 2013]
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The Promise of Deep
Unsupervised Learning

e Unknown features/labels

e Novel modalities Coronal breast CT

b T A

* Exploratory data
analysis

* Expensive labels | SN lrl
[SPIE 2009] [Med Phys 2014]
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The Promise of Deep
Unsupervised Learning

e Unknown features/labels
e Novel modalities

* Exploratory data
analysis

* Expensive labels

* Unpredictable tasks /
one shot learning
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Outline

* Motivation: The promise of deep unsupervised learning

+ Physical intuition: Diffusion processes and time reversal
e Destroy structure in data
o Carefully characterize the destruction
* Learn how to reverse time

e Diffusion probabilistic model: Derivation and experimental
results

e Other projects: Inverse Ising, non-equilibrium Monte Carlo,
stat. mech. of neural networks
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» (Goal: Learn structure of probability
density

* Observation: Diffusion destroys
structure

Data distribution —e————p  niform distribution
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Observation 2: Microscopic
Diffusion is Time Reversible

* Microscopic view

e Brownian motion

© Rutger Saly
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Observation 2: Microscopic
Diffusion is Time Reversible

* Microscopic view
e Brownian motion

e Position updates are small
Gaussians

e Both forwards and backwards in
time

© Rutger Saly
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Overview of Diffusion-based
Probabilistic Models

* Destroy all structure in data distribution using diffusion
Process

* | earn reversal of diffusion process
* Estimate function for mean and covariance of each
step in the reverse diffusion process (binomial rate

for binary data)

* Reverse diffusion process is the model of the data
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Outline

e Motivation: The promise of deep unsupervised learning
e Physical intuition: Diffusion processes and time reversal

- Diffusion probabilistic model: Derivation and experimental
results

e Algorithm
 Deep convolutional network: Universal function approximator

 Multiplying distributions: Inputation, denoising, computing
posteriors

o Other projects: Inverse Ising, non-equilibrium Monte Carlo, stat.
mech. of neural networks
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Destroy All Structure in Data
using Diffusion Process

Data
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Destroy All Structure in Data
using Diffusion Process

Data Forward
distribution diffusion

(<) —

g (X<t>\x<t—1>) — N (X@); xtD .\ /1_ 3, Iﬁt)

Jascha Sohl-Dickstein Diffusion Probabilistic Models



Destroy All Structure in Data
using Diffusion Process

Data Forward
distribution diffusion

(<) —

g (XOIED) = (x50 T 1)

Decay towards origin
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Destroy All Structure in Data
using Diffusion Process

Data Forward Noise
distribution diffusion distribution

o (<0 = A7 (x50 T 15)
[

Decay towards origin Add small noise
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Forward Diffusion Process
on Swiss Roll

' Gaussian diffusion ' |sotropic
Data in quadratic well Gaussian
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Recover Structure in Data using
Reversal of Diffusion Process

Noise
distribution

D (X(T)) =N (X(T); 0, I)
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Recover Structure in Data using
Reversal of Diffusion Process

Data Reverse Noise
distribution diffusion distribution

() =0(x) e (7)< (701

P (x<t—1>\x<t>) N <X<t—1>; f <X(t),t) s (Xu))t))

Learned drift and covariance functions
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| earned Reverse Diffusion
Process on Swiss Roll

Data ‘ Gaussian diffusion ‘ |sotropic
dist. w/ learned kernel Gaussian
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Summary of Forward and Reverse
Diffusion on Swiss Roll
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Summary of Forward and Reverse
Diffusion on Swiss Roll

t=0 t=1< t="T

¢ (x©D)
Diffusion with learned drift and
p (x0 1) il covariance functions
—25 0 ‘2 _2—|2 0 |2 _2—‘2 0 2
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Summary of Forward and Reverse
Diffusion on Swiss Roll

Diffusion

——p

Diffusion with learned drift and
covariance functions
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Log Likelihood
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Model probability

p (X(O)) _ /dx(l"'T)p (X(()...T)>
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p(X /dX q|\X ‘X q(X(l...T)‘X(Q))

Log Likelihood

| (0---T)
L = /dX(O)q (X(O)) 10g /dx(l...T)q (X(l...T)) P (X )
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Outline

e Motivation: The promise of deep unsupervised learning

e Physical intuition: Diffusion processes and time reversal

e Diffusion probabilistic model: Derivation and experimental results
« Algorithm

- Deep convolutional network: Universal function
approximator

 Multiplying distributions: Inputation, denoising, computing
posteriors

o Other projects: Inverse Ising, non-equilibrium Monte Carlo, stat.
mech. of neural networks
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Use Deep Network as Function
Approximator for Images

Jascha Sohl-Dickstein
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coefficients Z

Mean Covariance
image f - = * image
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Use Deep Network as Function
Approximator for Images

Jascha Sohl-Dickstein

Covariance
image = f = * image
Temporal - % Temporal
coefficients Z coetticients

Convolution
1x1 kernel

Convolution //
1x1 kernel %

Multi-scale
Dense | | Z % convolution
® 6 o
Multi-scale
Dense | | 5/ % convolution
Input ~ S t
(0

fx (X(t>, t)
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Multiscale Convolution

* Single multi-scale convolutional layer:

[
Yy
Sum
Upsample
Convolve - E
Downsample ‘T
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Time Dependence using
Temporal Basis

Mean

image - f -
Temporal - %
coefficients %

Convolution
Ix1 kernel é

e o
Convolution é
1x1 kernel

Dense

Dense

Input ~
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Time Dependence using
Temporal Basis

M
. ean o —
image f
Temporal - %
coefficients %
/ Convolution
-O. 1 1x1 kernel
e o
Convolution
1x1 kernel
Dense
1 o0
Dense

~

Input ~
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Time Dependence using
Temporal Basis

Mean

image - f -
Temporal - %
coefficients %

/ Convolution
-0.1 Ix1 kernel é
o O
Convolution é
1x1 kernel
Dense
/ 1 ° o
Dense

Time step

Basis 3 Basis 2 Basis 1

Input ~
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Time Dependence using
Temporal Basis

Mean
image

Temporal
/ coefficients %
/ Convolution
-0.1 Ix1 kernel é
o O
Convolution é
1x1 kernel

Dense
/ 1 oo

Dense

Time step

¢

\\\ \

Basis 3 Basis 2 Basis1l Output

Input ~
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Time Dependence using
Temporal Basis

M

Mean —

image f
— Temporal - %

/ coefficients
/ Convolution
-0.1 Ix1 kernel é
e o
Convolution é
1x1 kernel

Dense
/ 1 ° o

Dense

Time step

Basis 3 Basis 2 Basis1l Output

Input ~

Jascha Sohl-Dickstein Diffusion Probabilistic Models



Time Dependence using
Temporal Basis

/ Image
— Temporal %
/ coefficients

/ Convolution
-0.1 Ix1 kernel é
o O
Convolution é
1x1 kernel
Dense
/ 1 ° o
Dense

Time step

¢

\\\ \

Basis 3 Basis 2 Basis1l Output

Input ~
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Use Deep Network as Function
Approximator for Images
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Covariance
image = f = * image
Temporal - % Temporal
coefficients Z coetticients

Convolution
1x1 kernel

Convolution //
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Multi-scale
Dense | | Z % convolution
® 6 o
Multi-scale
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Input ~ S t
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Use Deep Network as Function
Approximator for Images

f,LL (X(t) y t) Mean fE (X(t) y t)
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Diffusion Probabilistic Model
Applied to Dead Leaves

Training Data
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Diffusion Probabilistic Model
Applied to Dead Leaves

Sample from
[Theis et al, 2012]

Training Data
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Diffusion Probabilistic Model
Applied to Dead Leaves
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Diffusion Probabilistic Model
Applied to Dead Leaves
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Diffusion Probabilistic Model
Applied to Dead Leaves

Log likelihood Log likelihood
1.24 1 |

Sample from Sample from

Training Data [Theis et al, 2012] diffusion model
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Diffusion Probabilistic Model
Applied to CIFAR-10
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Diffusion Probabillistic Model
Applied to CIFAR-10
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Training Data
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Samples from
Generative Adverserial
[Goodfellow et al, 2014]
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Diffusion Probabillistic Model
Applied to CIFAR-10

Selim AT
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=1 | W=
SR WA
Training Data Samples from
DRAW

|Gregor ef al, 2015]
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Diffusion Probabillistic Model
Applied to CIFAR-10

il g EHUN
=11 =TT
il ™ Byl
Hoelk H_< 2 7

Training Data Samples from Samples from
DRAW difftusion model

|Gregor ef al, 2015]
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Outline

e Motivation: The promise of deep unsupervised learning

e Physical intuition: Diffusion processes and time reversal

e Diffusion probabilistic model: Derivation and experimental results
* Algorithm
 Deep convolutional network: Universal function approximator

- Multiplying distributions: Inputation, denoising,
computing posteriors

e Other projects: Inverse Ising, non-equilibrium Monte Carlo, stat.
mech. of neural networks
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Multiplying Distributions Is
Straightforward

Interested in P (x(())) x p (x<0>) r (x<0>)

 Required to compute posterior distributions
* Missing data (inpainting)

o Corrupted data (denoising)
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Multiplying Distributions Is
Straightforward

Interested in P (x“”) x p (x<0>) r (x<0>)

 Required to compute posterior distributions
* Missing data (inpainting)
o Corrupted data (denoising)
o Difficult and expensive using competing techniques

* e.9. VAEs, GSNs, NADEs, GANs, RNVP, most graphical
models
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Multiplying Distributions Is
Straightforward

Interested in P (X(O)) x p (x<0>) r (x<0>)

N

Acts as small perturbation to diffusion process

P (x<t—1>\x<t>) N (x@—l); f (X(t),t) s (X@),t))

v

D (X(t_l) | X(t)) ~ N (:c(tl); f, (X(t),t) + 5 (X(t),t)

Ologr (x(t_l)/)
Ox(t—1)

(x4

Jascha Sohl-Dickstein Diffusion Probabilistic Models
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lmage Denoising by
Sampling from Posterior
=1 Fa
il
~ O
~Ef e

Holdout Data
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lmage Denoising by
Sampling from Posterior

HEy HEE
TER LT
YNE EEE
LE= EEE

Holdout Data Corrupted
(SNR = 1)
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lmage Denoising by
Sampling from Posterior

—HEy DEE HEy
Ml BT HET
=0 AR ~EON
ROlD A Iil

Holdout Data Corrupted ~ Denoise
(SNR = 1)
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lmage Inpainting by
Sampling from Posterior

100f .

150

200 200

250 b 2501

0 50 100 150 200 _ 250 300 0 50 100 150 200 250 300

Inpainted image True image
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lmage Inpainting by
Sampling from Posterior

100f .

150

200 200

250 b 2501

0 50 100 150 200 _ 250 300 0 50 100 150 200 250 300

Inpainted image True image
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Flexible and tractable methoad
for deep unsupervised learning
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for deep unsupervised learning

» Flexible: Diffusion process for any (smooth) distribution

e Binary or continuous state space
e [ractable: Training, exact sampling, inference, evaluation
* Deep networks with thousands of layers (/ time steps)

* Easy to multiply distributions (e.q. tor posterior)
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Flexible and tractable methoad
for deep unsupervised learning

» Flexible: Diffusion process for any (smooth) distribution
e Binary or continuous state space
e [ractable: Training, exact sampling, inference, evaluation
* Deep networks with thousands of layers (/ time steps)
* Easy to multiply distributions (e.q. tor posterior)

 Bounds on entropy production

Jascha Sohl-Dickstein Diffusion Probabilistic Models



Outline

* Motivation: The promise of deep unsupervised
learning

* Physical intuition: Diffusion processes and time
reversal

e Diffusion probabilistic model: Derivation and
experimental results

- Other projects: Inverse Ising, non-equilibrium
Monte Carlo, stat. mech. of neural networks

Jascha Sohl-Dickstein Diffusion Probabilistic Models



Minimum Probabillity Flow Learning

* [rain energy based models

Al

1 2 3 4

data distribution

(0y  fraction data
Pi = in state i

Jascha Sohl-Dickstein

1 2 3 4
model distribution

o—Ei(0)

pi> (0) = 700

[PRL, 2011; ICML, 2011}
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Minimum Probabillity Flow Learning

* [rain energy based models

Ot = arg;nin Dxkr, (p(O)Hp(OO) ((9))

1 2 3 4 1 2 3 4
data distribution model distribution
: —FE;(0)
(0y  fraction data (o0) _ €
Pi = in state i P (0) Z (0)

[PRL, 2011; ICML, 2011]
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Minimum Probabillity Flow Learning

* [rain energy based models

éML = arg;nin DKL (p(O)Hp(OO) ((9))

1 2 3 4 1 2 3 4
data distribution model distribution
: —FE;(0)
(0y  fraction data (o0) _ €
Pi = in state i P (0) Z (0)

N

[PRL, 2011; ICML, 2011]
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Minimum Probabillity Flow Learning

* [rain energy based models

Onr = al”géﬂ' | |pt> (‘9))

1 2 3 4 1 2 3 4
data distribution model distribution
p(-o) _ frajctlon da?;a p(oo) (6) = e~ Ei(0)
‘ in state 7 Z (0)

N

[PRL, 2011; ICML, 2011]
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Minimum Probabillity Flow Learning

* [rain energy based models

u ﬁ

1 2 3 4 1 2 3 4 1 2 3 4

data distribution dynamics model distribution

(0) _ fraction data p(oo) (9 — o—Ei(6)
P in state ¢ @ Z (6)

o (1) 0 o (1) o (00) \
pi = Yualu@p” 5= XL Ty0)p) pi =

- i B = intractable!
= 2_jzi14i(0) py” — 22 ji(0) Py

[PRL, 2011; ICML, 2011}
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Minimum Probabillity Flow Learning

* [rain energy based models

éMpF = argmin DKL (p(O)Hp(e) ((9))
0

\4
1 2 3 4 1 2 3 4 1 2 3 4
data distribution dynamics model distribution
(0)y  fraction data (o0) (9 — o—Ei(6)
Pi "= i state i Pi = Z0)
o (t) o (1) o () \
b= Tpulu@p) b= TuTu0)p)] pi = intractable!
0
%, L0 B YT 0)p”

[PRL, 2011; ICML, 2011]
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Minimum Probabillity Flow Learning

* [rain energy based model

Onrr = argén' ' || p>) («9)) Oripr = arg;nin Dkt (p(O)HP(e) (9))

* Progression of learning

>

First learning step

Probability distribution space

[PRL, 2011; ICML, 2011]

Jascha Sohl-Dickstein Diffusion Probabilistic Models



Minimum Probabillity Flow Learning

* [rain energy based model

Onrr = argén' ' || p>) («9)) Oripr = arg;nin Dkt (p(O)HP(e) (9))

* Progression of learning

>

A Intermediate
learning step

First learning step

Probability distribution space

[PRL, 2011; ICML, 2011]
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Minimum Probabillity Flow Learning

* [rain energy based model

Probability distribution space

>

* Progression of learning

First learning step

Jascha Sohl-Dickstein

A

Intermediate
learning step

Oripr = argmin D,

(p®[Ip (6))

A Learning complete

[PRL, 2011; ICML, 2011]
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Minimum Probabillity Flow Learning

* More rapidly solves inverse Ising problem
(estimate Ising couplings from samples)

Mean square coupling error

| —8— MPF

®  MFT+TAP

CD1
—v— CD10

0 20 40 60
Time (s)

First 60 seconds First 800 seconds  First 25,000 seconds

[PRL, 2011; ICML, 2011]
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Hamiltonian (hybrid) Monte Carlo
Without Detalled Balance

e Detalled balance

[ICML, 2014]
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Hamiltonian (hybrid) Monte Carlo
Without Detalled Balance

e Detalled balance

+ Easy to sample from correct distribution (use any proposal,
accept/reject with Metropolis-Hastings)

[ICML, 2014]
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- Random walk behavior (by definition, go backwards exactly
as often as forwards, explore distribution like sgrt(steps)).

[ICML, 2014]
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Hamiltonian (hybrid) Monte Carlo
Without Detalled Balance

e Detalled balance

+ Easy to sample from correct distribution (use any proposal,
accept/reject with Metropolis-Hastings)

- Random walk behavior (by definition, go backwards exactly
as often as forwards, explore distribution like sgrt(steps)).

.

e

Random walk (slow mixing)

[ICML, 2014]
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Hamiltonian (hybrid) Monte Carlo
Without Detalled Balance

e Detalled balance

+ Easy to sample from correct distribution (use any proposal,
accept/reject with Metropolis-Hastings)

- Random walk behavior (by definition, go backwards exactly
as often as forwards, explore distribution like sgrt(steps)).

] e
3 T A
Random walk (slow mixing) Asymmetric transitions (faster)

[ICML, 2014]
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Hamiltonian (hybrid) Monte Carlo
Without Detalled Balance

e Detalled balance

+ Easy to sample from correct distribution (use any proposal,
accept/reject with Metropolis-Hastings)

- Random walk behavior (by definition, go backwards exactly
as often as forwards, explore distribution like sgrt(steps)).

Goal:

 Make Hamiltonian Monte Carlo mix faster by
violating detailed balance

[ICML, 2014]
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Hamiltonian (hybrid) Monte Carlo
Without Detalled Balance

* HMC as operators on discrete state space

[ICML, 2014]
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Hamiltonian (hybrid) Monte Carlo
Without Detalled Balance

* HMC as operators on discrete state space

Operators:
e e
G
2 e
G

[ICML, 2014]
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Hamiltonian (hybrid) Monte Carlo
Without Detalled Balance

* HMC as operators on discrete state space

Operators: State space:
gﬂ [> \ .~ 1 FC LC
F¢ G
A
T LF(¢ L1¢

[ICML, 2014]
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Hamiltonian (hybrid) Monte Carlo
Without Detalled Balance

* Greedy leapfrog

L 'F¢ L(
* Try L¢
k¢ G
* If fail, try L=¢ (no rejection) LFC L-1¢
e If fail, try L3¢ ...
[ICML, 2014]
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Hamiltonian (hybrid) Monte Carlo
Without Detalled Balance

* Greedy leapfrog

L 'F¢ L(
* Try L¢
k¢ G
* If fail, try L=¢ (no rejection) LFC L-1¢

e If fail, try L3¢ ...

* [ractable, because equilibrium condition now a
sum over discrete states, rather than an integral

[ICML, 2014]
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Hamiltonian (hybrid) Monte Carlo
Without Detalled Balance

* Improved mixing by violating detailed balance

100D Anisotropic Gaussian

1
\‘\\\i\: e HMC B=1
08} \ ........ \\ ...... — — - LAHMC B=1
N <] ——HMCB=0.1
06F \ \\\ 44444444444 \\ LAHMGC B=O'1 i

Autocorrelation
o
N

0.2

0 1 2 3 4
Gradient Evaluations « 104

[ICML, 2014]
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Statistical Physics of
Deep Neural Networks

Neural network after random initialization:
Z — Z ]y] _I_ bj l—l_l ¢( )

Wilj NN(();U%U/Nl—l) bflz NN(()»U%)

[NIPS, 2016]
[ICLR, 2017]
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Statistical Physics of
Deep Neural Networks

Neural network after random initialization:
Z —Z Wijy; + b y = o(2))
Wi, ~ N (0,04 /Ni-1) b; ~ N(0,07%)
Central limit theorem = recurrence relation:
2 ~ N(0,q")
C0*(Ve2) + o [NIPS, 2016)

[ICLR, 2017]
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Statistical Physics of
Deep Neural Networks

[NIPS, 2016]
[ICLR, 2017]
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Statistical Physics of
Deep Neural Networks

Phase diagram:

0.25

0.20

0.15
)\ oY
)
0.10
0.05 chaotic
0.00
0.5 1.0 1.5 2.0 2.5
2
Ow

[NIPS, 2016]
[ICLR, 2017]
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Statistical Physics of
Deep Neural Networks

Phase diagram: Predict trainable depth:

0.25

0.20

0.05 chaotic

0.5 1.0 1.5 2.0 2.5

[NIPS, 2016]
[ICLR, 2017]
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Thanks'

Unsupervised Learning
using Nonequilibrium
Thermodynamics

Eric Welss

Niru Maheswaranathan

Surya Ganguli
 Minimum Probability Flow

Peter Battaglino

Michael R. DeWeese

e Hamiltonian Monte Carlo
without Detailled Balance

Mayur Mudigonda
Michael R. DeWeese

Jascha Sohl-Dickstein

e Statistical Physics of Deep

Networks
Sam Schoenholz
Ben Poole
Jeffrey Pennington
Justin Gilmer
Surya Ganguli
Maithra Raghu
Subhaneil Lahiri
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SCRAP SLIDES FROM
HERE ON
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Setting Diffusion Rate

* Erase constant fraction of stimulus variance each step

1

6t:T—t+1

e Can also train 5;

Jascha Sohl-Dickstein Diffusion Probabilistic Models



Deep Network Architecture
for Diffusion

Ju (X(t)’t> P I b (X(t)’t)
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Deep Network Architecture

fu (X(t)7 /

Jascha Sohl-Dickstein

for Diffusion

Covariance fE (X(t> I t)

Temporal

* - image

% Temporal
coetticients

coelficients

Convolution

1x1 kernel

Convolution

1x1 kernel

Dense |

% Multi-scale

convolution

% Multi-scale

convolution

Diffusion Probabilistic Models



lmage Inpainting by
Sampling from Posterior

— o R
R S
- e e S e
R A e e
: S e

- L
= .

i W

Al
y‘,» £op. :"‘:\' ;
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Diffusion Probabilistic Model
Applied to MNIST

Log likelihood
-]

Model : i
estimate

Stacked CAE 121 =+ 1.6 bits

.............................................................................................................................

DBN 138 + 2 bits
Deep GSN 214 + 1.1 bits
Diffusion 220 = 1.9 bits

.............................................................................................................................

Adversarial net 225 + 2 bits

Samples from
diffusion model

* via Parzen window code from [Goodfellow et al, 2014]
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Future Work
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Future Work

e Continuous time formulation

Jascha Sohl-Dickstein Diffusion Probabilistic Models



Future Work

e Continuous time formulation

* Perturbation around energy based model
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Future Work

e Continuous time formulation

* Perturbation around energy based model

* Binary data (e.g. spike trains)

Jascha Sohl-Dickstein Diffusion Probabilistic Models



Outline

* Other projects: Training energy based models,
Monte Carlo, deep learning theory

* Motivation: The promise of deep unsupervised
learning

* Physical intuition: Diffusion processes and time
reversal

e Diffusion probabilistic model: Derivation and
experimental results

Jascha Sohl-Dickstein Diffusion Probabilistic Models



Toy Binary Sequence
_earning

0 5 10 15 0 5 10 15 0 5 10 15
Bin Bin Bin
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Outline

e Motivation: The promise of deep unsupervised learning
e Physical intuition: Diffusion processes and time reversal

o Diffusion probabilistic model: Derivation and
experimental results

e Algorithm

- Deep convolutional network: Universal function
approximator

e Multiplying distributions: Inputation, denoising,
computing posteriors

Jascha Sohl-Dickstein Diffusion Probabilistic Models
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T'heoretical Breakthrougns in
Machine Learning

e Optimization: Combining SGD and quasi-Newton
optimization (SFO optimizer) neme 2014]

o5 Ising / Hopfield with MPF Objective
3 '-' -= i -..::%..: - - :/:': :.:'.’:::.: e e '..ZZZ_::

Full Batch Objective - Minimum

| | | | |
0 10 20 30 40 50
Effective Passes Through Data
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T'heoretical Breakthrougns in
Machine Learning

e Optimization: Combining SGD and quasi-Newton
optimization (SFO optimizer) neme 2014]

10° Ising / Hopfield with MPF Objective

iImum

Used for all

experlments In talk

........................................................

Full Batc
|_I
o

=
|

| | | | |
0 10 20 30 40 50
Effective Passes Through Data
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T'heoretical Breakthrougns in
Machine Learning

e Sampling and evaluation: Hamiltonian Monte Carlo
without detailed balance nemL 20141 and for log likelihnood

evaluation rrech Report 2012], fast sampling for natural image
Models [niPs 2012]

s /2 L~ 'F¢ L¢

- K¢ G

b

LF( L~ 1¢

v
L.
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Probability distribution space

)

T'heoretical Breakthrougns in
Machine Learning

* [raining energy-based models: Minimum Probabillity
Flow learning peme 2011] [PRL 2011]

First learning step

Jascha Sohl-Dickstein

A

Intermediate
learning step

A

Learning complete
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T'heoretical Breakthrougns in
Machine Learning

* Model design: capturing dynamics with Lie groups
[Under Revision at NECO], Dilinear generative models niccv 20113

Horizontal Translation

Layer 2:
feature grouping

Layer 1:
image features

Jascha Sohl-Dickstein Diffusion Probabilistic Models



T'heoretical Breakthrougns in
Machine Learning

* Properties of deep netvvorks Characterization in
function spaoe

2d slice through
function space
for 2-layer network
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Understanding Real Data

* Online education data

A function f(z) is shown in green. The sliding purple window may contain a
section of an antiderivative of the function, F(z).

Where does the function in the sliding window correspond to F(z)?

AN

L

N
! 7

// The number of branches each branch splits into
var branchingFactor = 3;

T\/\e nevronm // The angle between the branches in degrees

‘ var angleBetweenBranches = 30;

- Yece\yes

// Controls how much smaller each level of the tree gets
i var scaleFactor = 0.7;

" Le\\ﬁ/ Wy

// The number of levels of the tree drawn

var numLevels = 6;

// The length of the branches
var baseBranchLength = 80;

var forward = function(distance) {

1line(@, @, @, -distance);
translate(@, -distance);
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Understanding Real Data

* Medical Imaging data [spie 2009] [Med Phys 2014]

A. Projection Mammograms
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Understanding Real Data

* Neuroscience electrophysiology data: [pLos comp Bio 2014]
[Neuron 2013]

a) Stimulus frames b) Example data, 2s of data in 20ms bins
- || || || || H I I || 1
.- n 1= =9 - m " [ [
| .. I | |
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Understanding Real Data

e Human ultrasonic echolocation: Blind assistive device
TBME 2015]
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Understanding Real Data

* Planetary science: multispectral observations
[Science 2004a] [Science 2004b]
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Thanks!

Collaborators

Craig Abbey
Peter Battaglino
Shaowen Bao
Matthias Bethge
Jack Culpepper
Liberty Hamilton
Chris Hillar

Alex Huth

Kilian Koepsell
Urs Koster

Niru Maheswaranathan
Mayur Mudigonda
Ben Poole

Lucas Theis
Jimmy Wang

Eric Weiss

Jascha Sohl-Dickstein

Mentors
e Surya Ganguli

 Bruno Olshausen

* Michael R.

DeWeese

e James F. Bell |l

Maheswaranathan

Endless discussion

e The Redwood Center
for Theoretical
Neuroscience

* The Ganguli Gang

Niru Surya

Ganguli
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Differences from
Variational Autoencoders

Can analytically evaluate KL divergence between
steps in forward and reverse trajectories.

Can multiply with other distributions, and compute
posteriors

Erases structure, rather than transtorming it

Thousands of layers or time steps, rather than only a
small handful

Connections to nonequilibrium statistical mechanics
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Continuous Time

— 1 1
q (Xt|XO,Xt+dt) — N Xt;XH_d't o Xt—l—dt exp( Bt) Bdt _ —Xt_i_dtﬁdt 1 Ix CSCh 6 Bdt 5dt
1 — exp (—ft) 2 2

D (Xt|Xt-|-dt) _ N‘ <Xt;Xt+dt . Xt—l—dt €exXp (_6t> Bdt L 1Xt+dt6dt i %fo (Xt—l-dt ) CSCh (6 ) 6dt Bdt)

1 — exp (—ft) 2
18, 1, %, 1(up—pe)’ 1
D t]0 tt+dt blyt+dt))y — Z 24 log =& + = —- -
e (@ (P xR [l (ETT)) = 5 50 g log o+ 5T T <
1

=2 (fo (x"T9,t) — X0)2 csch? (%) Bdt

Denoising autoencoder penalty
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Related Methods

e (Generative stochastic networks
e \ariational autoencoders

* (Deep) (Recurrent) Neural Autoregressive
Distribution Estimators

Jascha Sohl-Dickstein Diffusion Probabilistic Models



* Variational Bayesian(e.g. variational autoencoder)

* Posterior over intermediate layers has analytic
form — > KL divergence has analytic form

e Can multiply distributions

* (Generative model is small perturbation around
iInference model — makes learning easier

 Models have thousands of layers (or time steps)
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