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Machine Learning and Many-Body Physics

Distinct disciplines, share a need for “Many-Object” Expressiveness:
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Machine Learning and Many-Body Physics

Distinct disciplines, share a need for “Many-Object” Expressiveness:
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Machine Learning and Many-Body Physics

Distinct disciplines, share a need for “Many-Object” Expressiveness:
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Machine Learning and Many-Body Physics

Distinct disciplines, share a need for “Many-Object” Expressiveness:
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Machine Learning and Many-Body Physics

Distinct disciplines, share a need for “Many-Object” Expressiveness:
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Strength
Unprecedented empirical
achievements

Gap

Formal understanding of
success is lacking
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Machine Learning and Many-Body Physics

Distinct disciplines, share a need for “Many-Object” Expressiveness:
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@ Quantum Wave Functions <+ Convolutional /Recurrent Networks




Baseline Architecture - Convolutional Arithmetic Circuit

input X representation 1x1 conv ' x
p pooling

1x1 conv
dense

' P > i
x 5 L pooling {output)
vy N amd
o i i T s 5] ¥

s

rep(td)= 7 (x) pooly (J.y)= T comvg(hp) ool (#)= T comi, (i)
' covers space I :

out (y) = (a ,pool; ()>

e window
convy (7,7) = (an”,rep (j,:)) ; :

® X;...Xy — input patches (e.g. pixels in an input image)

@ y ¢ [Y] - outputs (e.g. class scores)

o Linear activation (o(z) = z), product pooling




Baseline Architecture - Convolutional Arithmetic Circuit

input X representation 1x1 conv podiin
< A . T 1x1 conv
] a - - i dense
x | 5 / L pooling {output)
14N Tt
il G 2 o T s 5] ¥
rep(id)= 7, (x) pooly (1.0)= T eonvy(Jny)  pool (¥)= T comi,(Jty)

'€ window J' covers space

convy (7,7) = (an”,rep (j,:)) out (y) = (al",pooﬂl,l ()>

Function realized by network:

M nk 1
Yo o) = S AR A D)

A - conv weights tensor

Alrenk Dy, - xy) - inputs tensor (A D = f(x)) @ - @ f(xn))




Quantum Wave Functions <+ Convolutional/Recurrent Networks

Baseline Architecture - Recurrent Arithmetic Circuit

fxt) BACSY) f(x2) flxs)

o {x;}N, - sequential inputs (e.g. words in a sentence)
@ y € [Y] — outputs (e.g. score for next word)

e Multiplicative Integration: P(a,b):=a®b
— he = WhHh,y © WH(x,)
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Quantum Wave Functions <+ Convolutional/Recurrent Networks

Baseline Architecture - Recurrent Arithmetic Circuit

>
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Function realized by network:
M k1)
o rec ran
y(xl""’xN)_Edl, i ... (17...7 )

A™° - recurrent weights tensor

Alank Dy, - xpy) - inputs tensor (A1) = f(x;) @ --- @ f(xy))
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Equivalence to a ConvAC/RAC

@ Many-body WF:
W)eonv/rec} : zdl i Aconv/rec |'¢’d1> @ W’ﬂ?v)

@ Constructed product state:
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Erquwalence to a ConvAC/RAC

@ Many-body WF:
W)eonv/rec} : zdl i Aconv/rec |'¢’d1> @ W’ﬂ?v)

@ Constructed product state:

[ 7%} = 508 et Al (5100 X00) [ 1) © - © (e}
Inner product is equal to:
M

<’€[) ps |¢conv/rec> sy Zdl

Exactly reproducing the function
realized by a ConvAC/RAC!

dy= ACDHV/I‘BCA(I’&U]{ 1) (X]_, Siea N) - y(X]_, T XN)
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Erquwalence to a ConvAC/RAC

@ Many-body WF:
W)eonv/rec} : zdl i Aconv/rec |'¢’d1> @ W’ﬂ?v)

@ Constructed product state:

[ 7%} = 508 et Al (5100 X00) [ 1) © - © (e}
Inner product is equal to:
M

<’€[) ps |¢conv/rec> sy Zdl

Exactly reproducing the function
realized by a ConvAC/RAC!

dy= ACDHV/I‘BCA(I’&U]{ 1) (X]_, Siea N) - y(X]_, T XN)

seeey

WF coeff tensor < A®™/™ s conv/rec weights tensor

pixels «— particles




Quantum Wave Functions <+ Convolutional/Recurrent Networks

Dependencies Modeled by Networks — Previous Measure

A-L1 B-[]
Network dependencies previously
analyzed by separation rank:
sep(y; A, B) — distance from
separability of y(x, .., xy)
Interleaved Left-Right
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Quantum Wave Functions <+ Convolutional/Recurrent Networks

Dependencies Modeled by Networks — Previous Measure

A-L1 B-[]
Network dependencies previously
analyzed by separation rank:
sep(y; A, B) — distance from
separability of y(x, .., xy)
Interleaved Left-Right

sep(y; A, B) = Schmidt entanglement measure of ‘wcm/m> w.r.t. (A, B)

jeon/ree) = U et Ay ) © -+ @ [a,)
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Quantum Wave Functions <+ Convolutional/Recurrent Networks

Dependencies Modeled by Networks — Previous Measure

A-L1 B-[]
Network dependencies previously
analyzed by separation rank:
sep(y; A, B) — distance from
separability of y(x, .., xy)
Interleaved Left-Right

sep(y; A, B) = Schmidt entanglement measure of ‘wmv/m> w.r.t. (A, B)

interpretation:
separable state «+— separable function

highly entangled state <— function w/ high sep rank
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Quantum Wave Functions <+ Convolutional/Recurrent Networks

Dependencies Modeled by Networks — Previous Measure

A-L1 B-[]
Network dependencies previously
analyzed by separation rank:
sep(y; A, B) — distance from
separability of y(x, .., xy)
Interleaved Left-Right

sep(y; A, B) = Schmidt entanglement measure of ‘wwm/m> w.r.t. (A, B)

interpretation:
separable state +— separable function

highly entangled state <— function w/ high sep rank

Entanglement quantifies dependencies supported by the network
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Quantum Wave Functions <+ Convolutional/Recurrent Networks

Measures of Entanglement for Deep Learning Archs

Design network such that relevant dependencies are modeled:
e Convolutional networks:

Interleaved Left-Right
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Quantum Wave Functions <+ Convolutional/Recurrent Networks

Measures of Entanglement for Deep Learning Ar

Design network such that relevant dependencies are modeled:
e Convolutional networks:

Interleaved Left-Right

ConvNet should support high entanglement measures
for given input dependencies
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Quantum Wave Functions <+ Convolutional/Recurrent Networks

Measures of Entanglement for Deep Learning Ar

Design network such that relevant dependencies are modeled:
e Convolutional networks:

Interleaved Left-Right

ConvNet should support high entanglement measures
for given input dependencies
@ Recurrent networks:

The white Siamese cat slept on the bed/rug
© ©@ @ © © ©@ @O ©
A- “Start" B- “End"

Yoav Levine (HUJI) Deep Learning & Quantum Physics via TNs  APS Workshop October 2018



Quantum Wave Functions <+ Convolutional/Recurrent Networks

Measures of Entanglement for Deep Learning Archs

Design network such that relevant dependencies are modeled:
e Convolutional networks:

Interleaved Left-Right

ConvNet should support high entanglement measures
for given input dependencies
@ Recurrent networks:

The white Siamese cat slept on the bed/rug
© ©@ @ © © ©@ @O ©
A- “Start" B- “End"

RNN should support high Start-End entanglement
to have ‘long-term memory’ capacity
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Convolutional Arithmetic Circuits «+—— Tensor Networks

Computation of ConvAC can be cast as a Tree Tensor Network:




Quantum Wave Functions <+ Convolutional /Recurrent Networks

Convolutional Arithmetic Circuits «— Tensor Networks

Computation of ConvAC can be cast as a Tree Tensor Network:
@ Degree-1 nodes correspond to input patches

input rep conv

o7

pool

: % ool dense
M ro I

ria

edge weights
correspond to ConvAC
layer widths

y(Xl,...,XN) =
ZM Aconv (rank 1)( X1,.. )

diy..dy=
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Quantum Wave Functions <+ Convolutional /Recurrent Networks

Recurrent Arithmetic Circuits «+— Tensor Networks

Computation of RAC can be cast as an MPS Tensor Network:
@ Edge weights hold layer width (# of hidden channels)

@ Degree-1 nodes correspond to input patches

JGa) J(x2) J(xs)

y(x1,...,xy) =

ZM Arec rank 1)(X )

di,...,dy=
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© ML Result: Network Design via Quantum Entanglement
{Levine+Yakira+Cohen+Shashua@ICLR2018)




Theorem (adapted from Cui et al. (2016))

Schmidt entanglement ConvAC/RAC models between input sets (A, B) is
equal to min cut in respective TN separating nodes of (A, B)




Jantum Entan

Dependencies «+— Min-Cut

Theorem (adapted from Cui et al. (2016))

Schmidt entanglement ConvAC/RAC models between input sets (A, B) is
equal to min cut in respective TN separating nodes of (A, B)

Corollary

Controlling entanglement (dependencies) modeled by ConvAC/RAC is
equivalent to controlfing min cuts in respective TN




Network Design via Quantum Entanglement

Dependencies «— Min-Cut

Theorem (adapted from Cui et al. (2016))

Schmidt entanglement ConvAC/RAC models between input sets (A, B) is
equal to min cut in respective TN separating nodes of (A, B)

Corollary

Controlling entanglement (dependencies) modeled by ConvAC/RAC is
equivalent to controlling min cuts in respective TN

A-LJ
B-]

Interleaved Left-Right

N
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I [1 [TTTTT] [ Il |
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Network Design via Quantum Entanglement

Controlling Dependencies — Layer Widths

Deep (early) layer widths are important for long (short)-range dependencies
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Network Design via Quantum Entanglement

Controlling Dependencies — Layer Widths

Deep (early) layer widths are important for long (short)-range dependencies

Local Task

Global Task %

80

accuracy

e—e Wide-base - test
+ —+ Wide-base - train

e—e Wide-base - test 60
+ —+ Wide-base - train

60 e—e Wide-tip - test % e—e Wide-tip - test
+ -+ Wide-tip - train + —+ Wide-tip - train
50
5 10 15 20 25 30 405 10 15 20 25 30
# of channels parameter # of channels parameter
Wide-tip (schematic) Wide-base (schematic)
3 3
[ [
c c
© ©
F— F
[*} o
s 5
* layer depth * layer depth
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Network Design via Quantum Entanglement

Controlling Dependencies — Layer Widths

Deep (early) layer widths are important for long (short)-range dependencies

%0 -.

Global Task s Local Task

80

accuracy

e—e Wide-base - test
+ —+ Wide-base - train
e—e Wide-tip - test

e—e Wide-base - test 60
+ -+ Wide-base - train
e—e Wide-tip - test

+ -+ Wide-tip - train + —+ Wide-tip - train
50
40
-] 10 15 20 25 30 5 10 15 20 25 30
# of channels parameter # of channels parameter
Wide-tip (schematic) Wide-base (schematic)
3 3
c c
c c
© [}
&S &S
o =}
k] 5
* layer depth * layer depth

Tailor architecture to fit dependencies of a given task

Yoav Levine (HUJI) Deep Learning & Quantum Physics via TNs APS Workshop October 2018



Lon

Qutline

© ML Result: Long-Term Memory in Deep Recurrent Networks
{Levine++Sharir+Shashua@lCLR2018workshop)




Long-Term Memory in Deep Recurrent Networks

Start-End Entanglement in Recurrent Networks

Text prediction: The  white Siamese cat slept on the  bed/rug
©@ © @ © @© @ @@ @
“Start" “End"

Start-End entanglement quantifies long-term memory of the network
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Long-Term Memory in Deep Recurrent Networks

Start-End Entanglement in Recurrent Networks

The white Siamese cat slept on the bed/rug

Text prediction: ©@ @ @© @ ® @ @ (@

“Start" “End"

Start-End entanglement quantifies long-term memory of the network

For shallow RACs:
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Long-Term Memory in Deep Recurrent Networks

Start-End Entanglement in Recurrent Networks

The white Siamese cat slept on the bed/rug

©@ @ @ © @© @© @ (@

“Start" “End"

Text prediction:

Start-End entanglement quantifies long-term memory of the network
For shallow RACs:

— Start-End Measure (min-cut) is trivially # of hidden channels R
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Long-Term Memory in Deep Recurrent Networks

Start-End Entanglement in Recurrent Networks

The white Siamese cat slept on the bed/rug

©@ © ©@ © © @ @© @

“Start" “End"

Text prediction:

Start-End entanglement quantifies long-term memory of the network

Deep recurrent networks significantly out perform shallow ones, yet are
seemingly ‘innocent’:
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Long-Term Memory in Deep Recurrent Networks

Start-End Entanglement in Recurrent Networks

The white Siamese cat slept on the bed/rug

©@ © ©@ © © @ @© @

“Start" “End"

Text prediction:

Start-End entanglement quantifies long-term memory of the network

Deep recurrent networks significantly out perform shallow ones, yet are
seemingly ‘innocent’:




urrent

Exponential Memory Capacity for Deep Networks

o Upper bound on Start-End entanglement of a shallow RAC:
R (# of params)
o [ower bound on Start-End entanglement of depth L — 2 RAC:
super-poly(R)

Super-polynomial separation in memory capacity between
shallow and deep recurrent networks!




urrent

Exponential Memory Capacity for Deep Networks

o Upper bound on Start-End entanglement of a shallow RAC:
R (# of params)
o [ower bound on Start-End entanglement of depth L — 2 RAC:
super-poly(R)

Super-polynomial separation in memory capacity between
shallow and deep recurrent networks!

Conjecture
Lower bound on Start-End entanglement of a depth L RAC :

super-poly( L)

Memory capacity increases super-polynomially w/depth!
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@ Physics Result: Quantum WF Representations via Deep Networks
(Levine+Sharir+Cohen-+Shashua®@arXiv'18)




uantum Wave-Function Representations via Deep Networks

Physicists' Need for Expressivity

The quantum many;\?ody wave-function:
W) =D et Adidy  [Ya) @ ® [dhay)

encapsulates
entanglement
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uantum Wave-Function Representations via Deep Networks

Physicists' Need for Expressivity

The quantum many;\?ody wave-function:
W) =D et Adidy  [Ya) @ ® [dhay)

encapsulates
entanglement

@ General WFs in d—dimensions: B A B
— . ] ]
Volume law entanglement- d=1: ',_A]_ -y
m
Entanglement Aﬂn
@ Some WFs of interest: de9:

Area law entanglement- A 2
Entanglement oc AZ—1

lin Alin
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Quantum Wave-Function Representations via Deep Networks

Physicists' Need for Expressivity

The quantum many-body wave-function:
M
W) =D et Adidy  [Ya) @ ® [dhay)

encapsulates
entanglement

@ General WFs in d—dimensions: B A B
=1l g } }
Volume law entanglement- ‘ A
m

Entanglement Aﬂn

@ Some WFs of interest:
Area law entanglement—

Entanglement Aﬂ;l

al=2 s

Alin

Physicists are in search for computational representations that
efficiently capture high entanglement

@ Leading tool: Tensor Networks
@ More recently: Neural Networks (RBMs)
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Quantum Wave-Function Representations via Deep Networks

TN Constructions of Prominent Deep Learning Archs

enhancements to above archs that involve
information re-use
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Quantum Wave-Function Representations via Deep Networks

TN Constructions of Prominent Deep Learning Archs

enhancements to above archs that involve
information re-use —
connot be naively represented as TNs:

No Tensor Network can intake a vector v and duplicate it tov ® v

—

v v v
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Quantum Wave-Function Representations via Deep Networks

TN Constructions of Prominent Deep Learning Archs

information re-use in TNs
via external duplication
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Quantum Wave-Function Representations via Deep Networks

TN Constructions of Prominent Deep Learning Archs

information re-use in TNs
via external duplication

5

@4

o ®

'MDA T@A@4 O@A@A@D N N N N AN AN AN A

@ @ @ @ @ @ i
i i 3 i P 57 3053 19123034 13135 1315393 110505450 1319353 412305454 25454 15453131 25431
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Quantum Wave-Function Representations via Deep Networks

Information Re-Use Vs. Loops

Competing mechanisms for expressivity enhancement of naive Tree:

Machine learning

Non-overlapping Overlapping
ConvAC (K=1) ConvAC (K>1)

PeTe

dy dy d3 dy ds ds d7 dg
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Quantum Wave-Function Representations via Deep Networks

Information Re-Use Vs. Loops

Competing mechanisms for expressivity enhancement of naive Tree:

Machine learning

Non-overlapping Overlapping
ConvAC (K=1) ConvAC (K>1)

PeTe

dy dy d3 dy ds ds d7 dg

Physics
Tree MERA
Tensor Network Tensor Network
dy dy d3 dy ds dg d7 dg dy doy d3 dy ds dg dy dg
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Results - Deep Learning Archs Support High Entanglement

Deep recurrent networks support log corrections to area law in 1D:

Entanglement Entropy o log{(Aun)}

Match MERA, with efficient WF amplitude calculation




Results - Deep Learning Archs Support High Entanglement

Deep recurrent networks support log corrections to area law in 1D:

Entanglement Entropy o log{(Aun)}

Match MERA, with efficient WF amplitude calculation

Overlapping convolutional networks support volume law entanglement
in 1D and 2D, with:

# of params o Ay, (x VN in 20

Access to volume law entanglement, polynomially more efficient
in 2D than proposed NN based representations
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© Conclusion




Conclusion — Common Need: Many-Object Expressiveness

o Drawn Quantum Physics and Deep Learning Analogies

e Function realized by ConvAC/shallow-RAC < many-body WF
e Entanglement measures dependencies in deep networks

o ConvAC/RAC as a Tensor Network

e Dependencies bound by min-cut in TN graph
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e Entanglement measures dependencies in deep networks

o ConvAC/RAC as a Tensor Network

e Dependencies bound by min-cut in TN graph

@ Deep Learning Results

e Tailor architecture to fit task dependencies

e Super-polynimial contribution of depth for long-term memory capacity




Conclusion — Common Need: Many-Object Expressiveness

o Drawn Quantum Physics and Deep Learning Analogies

e Function realized by ConvAC/shallow-RAC < many-body WF
e Entanglement measures dependencies in deep networks

o ConvAC/RAC as a Tensor Network

e Dependencies bound by min-cut in TN graph

@ Deep Learning Results

e Tailor architecture to fit task dependencies

e Super-polynimial contribution of depth for long-term memory capacity

o Many-Body Physics Results

e Powerful DL archs can model highly entangled states




THANK YOU

Questions?
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