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Motivation

Deep Neural Networks have achieved state-of-the -art-performance in
many domains, however they require large amount of memory,
expensive hardware (GPUs) and long processing times, preventing the
increase in model size and using mobile devices.

Neural Network compression using matrix and tensor
decomposition




MOtivation Example:VGG-19 architecture

Layer name | #Filters | #Parameters | #Activations

input 150K

convl_1l 62 1.7TK 3.2M

The huge number of parameters of FC conv1.2 maxﬁﬁoonng 36K S
: H : conv2_1 128 73K L.6M

layers is the bottleneck in a typical deep o 1 = . —
z I 101K

neural network conv3_1 mdngg = 300K R02K
conv3_2 256 600K 802K

Fully connected layer is a transformation convss 22 e ki
between two high dimensional vectors: o mmaxboolms R
convd_2 512 2.3M 101K

conv4d_3 512 2.3M 401K

y — W X —I— b convd 4 512 2.3M 101K

max poolin 100K

S~ ~ N ~~ convh_1 5?2 g 2.3M 100K

convh_2 512 2.3M 100K

M MxN N M convs_3 512 2.3M 100K

convh_4 512 2.3M 100K

max poolin 25K

fc6 103M iK

95% of parameters are in fuIE)' Ouff;ut 1473 ) L:E

connected layer «



Motivation

TensorNet applies Tensor Train (TT) format to represent weights of fully
connected layer, reducing the number of parameters hugely without
compromising performance:

® Compatible with the existing training algorithms for neural networks
@® Match the performance of the uncompressed counterparts with

compression

® Enables using more hidden units than was available before




How About Matrix Rank

Decomposition? =
W=A B |

neER e O(MN) = o+ + )

Low-rank representation can reduce number of parameters without
compromising accuracy

But can we compress more?



Tensor Train Summary

Tensor A can be decomposed to TT-format as:

A(iy,ig,...,1q) = Gq1[i1|G2liz]. .. Gqlig]

rl r2 rd-l
A B N
n n n n

1 2 3 d




Tensor Train Summary

Tensor A can be decomposed to TT format as:

A(iy,ig,...,13) = Gq1li1|Galis]. .. Gqlig]

Where:
Gilig] e R, rg=rg =1
Compression:
O(nd) — O(ndrz)
® TT-cores: Gy
® TT-ranks: Tk
® TTmaxrankr=maxrg , k=0,...,d



Tensor Train Summary:
Examples

i2 : {
19 3
<> < &1 -
<) s, )]
3
Ry I RN R It L RNI, R I3 Iy
3D 4D

.

Source: https://www.ifi.uzh.ch/dam/jcr:846e4588-673e-4f55-b531-544a2e1f602e/TA_Tutorial_Part2.pdf



https://www.ifi.uzh.ch/dam/jcr:846e4588-673e-4f55-b531-544a2e1f602e/TA_Tutorial_Part2.pdf

TT-representations for vectors

Consider a vector bb € IRY We can represent it

using a tensor B:

_ 1714
Where: i szlnk B € [RM¥n2x...xnq

We can establish a bijection:
p:le{l,... N} — (u1(l),...,uq(l)) Where:

Where: B((u1(D),- -, pa(l)) = by
ﬂk(l) S {1, e ,nk}

We can represent the vector in TT-
Format



Vector = TT-Format: Tensor
Network Diagram

b(1) = B((p1(1), - - -, pa(l)) = Gilpa (D] G2 [p2(D)]. . . Galpa(l)]
NN AN _

T X’i"g g1 X1

1X
B
nl nd Gl G2 G3 Gd
ri r2 ra3 rd-1
=D . - p—
! : nl n2 n3 nd




TT-representations for matrices

(1)

Consider a matrix A:

MxN
Where: A€R

And: M =TI my , N =TI} m

We can establish the bijections:
vite{l,..., M} (n(t),...,va(t))

prle{l,...,N} = (pa(D),. .., pa(l))
Where:
pe(l) € {1,...,nk} vihbh € {1,...,my}
‘Tensorizing Neural Networks ~~ March26,2020 12

And:



TT-representations for matrices

(2)

We can represent it using a tensor W:
‘ 1 / 6 ]Rm1 111 XIN9 N9 X...XI1NJj 114

Where:

W((Vl (t)a M1 (l))a SO (Vd(t)a Hd (l))) — A(ta l)

We can represent the matrix in TT-Format



Matrices = TT-Format: Tensor
Network Diagram

At 1) = W0 (2), i (1) -, (valt), pa(1) = Gl (8), i ()]Gl (8), o (O] . Glalv(t), pa(1)]

il T W
1Xm r1 X7y rg_1 X1




Matrices = TT-Format: Tensor

Netw--'- =~~~
d;rl@ G2 I 211Gy | G2

ra L
® . a
I r 5
rg@ Gy 3@} G rs| Gs ra G rs Ga ;i
rs ry
Wiy, i2,13,14,15) ” i i is
9 ,_ia — : ro
= 1 ' g | o7 rs :G'4 GE,
o[G1| T1[:Go|l) "2 [*-73.. .
r ro '3 £

Source: hitps://www.slideshare.net/RuochunZeung/tensorizing-neuralnetwork-present-72811535
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TT-representations of Neural
Networks. cdayer with m m

weights stored in TT format

y = W X
y =W x + b
~ NN B ]
M Mx N N M /) l \\\
"’»-" : : ~ /——‘x’f_ﬁ”rhy—rﬁ\\x I;,/h —
Transforming x,y and b to d- RE \: A e
dimensional tensors, TT layer is L - T #)”’ P

expressed as:

Y(ir,...,ta) =3, ;. Gili, il .. Galia, 4] X (1, - .5 Ja) + B(ia, .. - 5 4a)




TT-representations of Neural
Networks

Neural network weights W
folding to tensor W,

2

{5}0
. @f’/’

Tensor-train cores G

Dimension 2 0,

Gg[f'g; .f d]

o -

Dimension 1

G! [fi ¥ )‘1] Gd.zliuq ’ jd.j.]

X sen xrdal

Tensor-train 1§ X n

decomposition r

Gz[fz 4 JZ] r1 r;

Source: LTNN: An energy-efficient machine learning accelerator on 3D CMOS-RRAM for layer-wise tensorized neural network,
Huang et al. 2017




Learning For TT-Layer | Back-
Propagatlon (1) Py lig,de] = Gulit, il - G 1 [ik 1, v 1]

’L = 21 .....

1= (72 11,1 . . ..
(k’ ks k P, 5] i= Groligets o) - - Galig, ja)

Using these constructs, we can rewrite the TT-Layer as follow:
Y(‘il: s -1?:&) — Ejli"'jd Gl[ilsjl]* . Gd[idsjd]x(jli “e :jd) + B(ila s s 1'itf)

Becomes:

Y(1) = Y(iy ira i) = Do 5y P g > 35 1Glins 3k By i s 3y Ix (i 3k, 3y,) + B(3)



Learning For TT-Layer | Back-
F&mn@egeaotma (2)

— (’1,1, . ik—l)

iy i= (iks1s- - -5 0a)
i
Partial core products:
P i ,j, | == Gili1, ja]. - - Gr—1]ik—1, Jr—1]

Pl i, 5, ] = Gryt[tks1, Jrra)- - - Galid, Ja)



Learning For TT-Layer | Back-
Propagation (3)




Learning For TT-Layer | Back-
Rropagatiom § 3%.6.ie i it b + Bo

The Gradient of the loss function L w.r.t the k-th core in position [i,j]:

oL _ T oL 0Y(i)
G+ [ixd) v OY(i) AGK[ik.Jx)
Assuming we know:
OL
0Y(7)



Learning For TT-Layer | Back-
Rroqaagatlory (4 )e. . im i i G, wi) + Bo

We need to compute: )

OG [ik ]

For any values of the cord € {1,..,d}
and 'Lk - {1,mk}
and ]k - {1,7’Lk}



Learning For TT-Layer | Back-
Propagation (5)

4
Oa* Xb — abT

0X




Learning | Back-Propagation (6)

T(i) = T(iﬁ:&iksi;) E[Jk didr) Py iy, 3y |Gt .?k]P+ [Ek :J;]X(?;:Jk:.?k) + B(i)
For any i # % Ok 7 Jk

Otherwise .

oY(i) T + P
Gy ] Z(j;,j;) Pk [Zk ’jk} P Zk 3.7;; X(Jk aJk:J;ﬂ)

4
Oa* Xb — abT

0X




Handwritten images
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Results: MNIST

® To investigate properties of TT-layer and different parameters setting using small
network with two fully connected layers

Different plot points are obtained by varying TT-rank or matrix rank

better than naive balanced reshape works
10° 3 method better___ 35 37
FC 1024 x 10 3 —Jz X
2 7 —_— 4 x8x8x4
° —
FC 1024 x 1024 - 4 ——4x4x4x4x%x4
o
- S 10! = ——2X2X8X8x%X2x2
compress 1% layer o E 210
d ] S trix rank
g _ X ma
) o —e— uncompressed
100 S I 0 1 0 B R 011

10? 103 104 10° 100

# parameters in the first layer's matrix




Results: Imac

® 1000 classes
® 1.2 M training images

container shi

motor scooter

[ | mite container ship motor scooter legpard
[ black widow lifeboat go-kart jaguar
| cockroach amphibian moped cheetah
il tick fireboat bumper car snow leopard
| drilling platform | golfcart

agascar cat

dead-man’'s-fingers

currant

cherry a
vertible agaric | monkey
grille mushroom grape spider monkey
pickup jelly fungus elderberry titi
beach wagon gill fungus rdshire bullterrier indri

howler monkey




~N

conv-layers

4096 x 1000
4096 x 4096

4096 x 25088

Results: ImageNet

XELL-1]05 XELL-1]05
QOOT-T AUGD DOOT-T AUOD
Q60t-T AUOD S50F-TAUOD
SE0F-LAUOD S60t-LAUOT

|[ood xelA

|ood xep) ZIS-£AUOD
ET5-EAUOD ZTS-EAUOD
£T5-EAUOD £T5-EAUOD
E£TS-EAUDD ZTS-EAUDD
|[ood xe)

[ood xe) ETS-EAUDD
E£TS-EAUDD ZTS-EAUDD
ZT5-EAUOD 9 ZTS-EAUOD

ET5-EAUOD W_ ZTS-EAUOD

=

|[ood xelA

|ood Xe|a) S57-EALIDD
S5Z-EAUDD 95Z-EALOD
S5E-EALOD SS£-EAUDD
S5£-EAUOD S5£-EAUDD
|ood Xe|a) |ood Xe|a)
BET-EAUOD BET-EALOD
BEZT-EAUOD BZT-EAUDD
|ood XEe|A) |ood Xe|A)

FO-EALIOD FO-EALIOD

Fo-EAUCD Fo-EAUCD

28eLu| 28eLU|

Replacing three fully connected layers in VGG-16

and VGG-19

VGG-19




Results: ImageNet

Architecture TT-layers | vgg-16 | vgg-19 | vgg-16|vgg-16|vgg-19|vgg-19
compr. compr. |compr. [top ] JtopS |topl |top35
FC FC FC 1 1 1 309 | 11.2 | 29.0 | 10.1
TT4 FC FC 50972 3.9 3.5 31.2 | 11.2 | 29.8 10.4
TT2 FC FC 194622 | 3.9 3.5 31.5 | 11.5 | 30.4 10.9
TT1 FC FC 713614 | 3.9 3.5 33.3 | 128 | 31.9 11.8
TT4TT4 FC | 37732 74 6 322 | 123 | 316 | 11.7
MR1 FC FC 3521 3.9 3.0 99.5 | 97.6 | 99.8 99
MRS FC FC 704 3.9 3.5 81.7 | 53.9 | 79.1 52.4
MRS50 FC FC 70 3.7 3.4 36.7 | 14.9 | 34.5 15.8

FC: fully connected layer

TT[x]: TT layer with all ranks equal to x

MR[x]: fully connected layer with rank constrained to




Related Work: Ultimate
T oo I

Ultimate tensorization:
compressing convolutional and FC layers alike

Timur Garipov!  Dmitry Podoprikhin'?  Alexander Novikov*?  Dmitry Vetrov?*
"Moscow State University, Moscow, Russia
2Yandex, Moscow, Russia
#National Research University Higher School of Economics, Moscow, Russia
Institute of Numerical Mathematics of the Russian Academy of Sciences, Moscow, Russia
timgaripov@gmail.com podoprikhin.dmitry@gmail.com
novikov@bayesgroup.ru vetrovd@yandex.ru



Related Work: Ultimate
Tensorization (2016)

Model top-1 acc. compr.
Extension of TT compression to conv-fc (baseline) 90.5 1
convolutional layers allows for COHV-E-?? gg-g %g;ﬁ
. conv-1 1-1c . "
fu.rther compression of Network conv-TT-fe 89 8 91.01
with small performance decrease TT-conv-TT-fc 90.1 9.69
TT-conv-TT-fc 89.7 41.65

TT-conv-TT-fc 89.4 82.87




Conclusion

® TT-decomposition of weight matrix of a fully-connected layer and
using the cores of the decomposition as the parameters of the layer

® Train the fully-connected layers compressed by up to 200 000X
compared with the explicit parametrization without significant error

InCrease
P
Operation Time Memory
FC forward pass | O(MN) O(MN)
TT forward pass | O(dr*mmax{M,N}) | O(r max{M,N})
FC backward pass | O(MN) O(MN)
TT backward pass | O(d? r* mmax{M,N}) | O(r® max{M, N})

Table 1: Comparison of the asymptotic complexity and memory usage of an M x N TT-layer and
an M x N fully-connected layer (FC). The input and output tensor shapes are m, X ... X mg and
ny X ... X ng respectively (m = maxy_1._4my) and r is the maximal TT-rank.



Thank
You!




	Slide 1
	Outline
	Motivation
	Motivation
	Motivation
	How About Matrix Rank Decomposition?
	Tensor Train Summary
	Tensor Train Summary
	Tensor Train Summary: Examples
	TT-representations for vectors
	Vector ⇒ TT-Format: Tensor Network Diagram
	TT-representations for matrices (1)
	TT-representations for matrices (2)
	Matrices ⇒ TT-Format: Tensor Network Diagram
	Matrices ⇒ TT-Format: Tensor Network Diagram
	TT-representations of Neural Networks
	TT-representations of Neural Networks
	Learning For TT-Layer | Back-Propagation (1)
	Learning For TT-Layer | Back-Propagation (2)
	Learning For TT-Layer | Back-Propagation (3)
	Learning For TT-Layer | Back-Propagation (3)
	Learning For TT-Layer | Back-Propagation (4)
	Learning For TT-Layer | Back-Propagation (5)
	Learning | Back-Propagation (6)
	Results: MNIST
	Results: MNIST
	Results: ImageNet
	Results: ImageNet
	Results: ImageNet
	Related Work: Ultimate Tensorization (2016)
	Related Work: Ultimate Tensorization (2016)
	Conclusion
	Thank You!

