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Abstract

Deep neural networks currently demonstrate state-ofthperformance in sev-
eral domains. At the same time, models of this class are vemaaiding in terms
of computational resources. In particular, a large amofimi@mory is required
by commonly used fully-connected layers, making it hard4e the models on
low-end devices and stopping the further increase of thealrgizie. In this paper
we convert the dense weight matrices of the fully-connelztgelrs to the Tensor
Train [17] format such that the number of parameters is rediny a huge factor
and at the same time the expressive power of the layer isqpegkdn particular,
for the Very Deep VGG networks [21] we report the compress$amtor of the
dense weight matrix of a fully-connected layer up to 20000@$ leading to the
compression factor of the whole network up to 7 times.

1 Introduction

Deep neural networks currently demonstrate state-oithperformance in many domains of large-
scale machine learning, such as computer vision, speeolgmiion, text processing, etc. These
advances have become possible because of algorithmic @h/darge amounts of available data,
and modern hardware. For example, convolutional neuralorés (CNNs)[[13, 21] show by a large
margin superior performance on the task of image classditaffThese models have thousands of
nodes and millions of learnable parameters and are trasiad millions of images [19] on powerful
Graphics Processing Units (GPUS).

The necessity of expensive hardware and long processirggamnthe factors that complicate the
application of such models on conventional desktops anthplerdevices. Consequently, a large
number of works tried to reduce both hardware requirements (memory demands) and running
times (see Sef] 2).

In this paper we consider probably the most frequently uagerlof the neural networks: the fully-
connected layer. This layer consists in a linear transftionaf a high-dimensional input signal to a
high-dimensional output signal with a large dense matrfinileg the transformation. For example,
in modern CNNs the dimensions of the input and output sigofitke fully-connected layers are
of the order of thousands, bringing the number of parametetise fully-connected layers up to
millions.

We use a compact multiliniear format — Tensor-Train (TTafat) [17] — to represent the dense
weight matrix of the fully-connected layers using few paedens while keeping enough flexibil-

ity to perform signal transformations. The resulting laigecompatible with the existing training

algorithms for neural networks because all the derivatreggliired by the back-propagation algo-
rithm [18] can be computed using the properties of the TTrimlr We call the resulting layer a

TT-layerand refer to a network with one or more TT-layerslaasorNet

We apply our method to popular network architectures pregder several datasets of different
scales: MNISTI[15], CIFAR-10[12], ImageNet [13]. We expeeéntally show that the networks
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with the TT-layers match the performance of their uncomgedscounterparts but require up to
200 000 times less of parameters, decreasing the size of the whti®rieby a factor of7.

The rest of the paper is organized as follows. We start witbvéew of the related work in Selcl 2.
We introduce necessary notation and review the Tensor Ty format in Sec[B. In Seél]4
we apply the TT-format to the weight matrix of a fully-contedt layer and in Se€l]5 derive all
the equations necessary for applying the back-propagatgorithm. In Secl16 we present the
experimental evaluation of our ideas followed by a discussn Sec[T.

2 Redated work

With sufficient amount of training data, big models usuallyperform smaller ones. However state-
of-the-art neural networks reached the hardware limits boterms the computational power and
the memory.

In particular, modern networks reached the memory limibwit% [21] or even100% [25] memory
occupied by the weights of the fully-connected layers s fitdt surprising that numerous attempts
have been made to make the fully-connected layers more admae of the most straightforward
approaches is to use a low-rank representation of the weigltices. Recent studies show that
the weight matrix of the fully-connected layer is highly vedlant and by restricting its matrix rank
it is possible to greatly reduce the number of parametetsowitsignificant drop in the predictive
accuracy![6], 20, 25].

An alternative approach to the problem of model compressidn tie random subsets of weights
using special hashing techniques [4]. The authors repdineedompression factor & for a two-
layered network on the MNIST dataset without loss of acourtemory consumption can also be
reduced by using lower numerical precision [1] or allowieg/ér possible carefully chosen param-
eter values [9].

In our paper we generalize the low-rank ideas. Instead athaway for low-rank approximation of
the weight matrix we treat it as multi-dimensional tensatt apply the Tensor Train decomposition
algorithm [17]. This framework has already been succelységplied to several data-processing
tasks, e.g.[16, 27].

Another possible advantage of our approach is the abilisggomore hidden units than was available
before. A recent work [2] shows that it is possible to cordtide and shallow (i.e. not deep)
neural networks with performance close to the state-ofattte@leep CNNs by training a shallow
network on the outputs of a trained deep network. They refherimprovement of performance
with the increase of the layer size and used up®600 hidden units while restricting the matrix
rank of the weight matrix in order to be able to keep and to tpdaluring the training. Restricting
the TT-ranks of the weight matrix (in contrast to the matexk) allows to use much wider layers
potentially leading to the greater expressive power of tloeleh \We demonstrate this effect by
training a very wide modeP(2 144 hidden units) on the CIFAR-10 dataset that outperformsrothe
non-convolutional networks.

Matrix and tensor decompositions were recently used todsppehe inference time of CNNs|[7,
14]. While we focus on fully-connected layers, Lebedev eflal] used the CP-decomposition to
compress a-dimensional convolution kernel and then used the progedf the decomposition to
speed up the inference time. This work shares the same sjiltibur method and the approaches
can be readily combined.

Gilboa et al. exploit the properties of the Kronecker prddifanatrices to perform fast matrix-by-
vector multiplicationl[8]. These matrices have the samecstire as TT-matrices with unit TT-ranks.

Compared to the Tucker format |23] and the canonical forihtthe TT-format is immune to
the curse of dimensionality and its algorithms are robustm@ared to the Hierarchical Tucker
format [11], TT is quite similar but has simpler algorithnas basic operations.

3 TT-format

Throughout this paper we work with arrays of different dirsienality. We refer to the one-
dimensional arrays agectors the two-dimensional arraysmatrices the arrays of higher dimen-
sions —tensors Bold lower case letters (e. gi) denote vectors, ordinary lower case letters (e.g.
a(i) = a;) — vector elements, bold upper case letters (e )= matrices, ordinary upper case letters
(e.g. A(i, 7)) — matrix elements, calligraphic bold upper case letterg.(ed) — for tensors and



ordinary calligraphic upper case letters (eA\¢) = A(i1, ..., %4)) — tensor elements, whetkis
the dimensionality of the tensod.

We will call arraysexplicitto highlight cases when they are stored explicitly, i. e. byraeration of
all the elements.

A d-dimensional array (tensogd is said to be represented in th&-format[17] if for each dimen-

sionk = 1,...,d and for each possible value of theth dimension index;, = 1,...,n; there
exists a matrixG';[jx] such that all the elements A can be computed as the following matrix
product:

A(j1,- -+, Ja) = Gili1]G2[j2] - - - Galjal- (1)

All the matrices G[jx] related to the same dimensidn are restricted to be of the same
sizery_1 x rj. The values, andry equall in order to keep the matrix produ€i (1) of size 1. In
what follows we refer to the representation of a tensor inTtiidormat as thel T-representatioior

theTT-decompositionThe sequenc@rk}zzo is referred to as th@T-ranksof the TT-representation
of A (or the ranksfor short), its maximum — as thmaximal TT-rankof the TT-representation
of A: r = maxy—o,... 4 %. The collections of the matricefﬁk[jk])?:zl corresponding to the same
dimension (technically, 3-dimensional arrays) are called theores
Oseledets [17, Th. 2.1] shows that for an arbitrary tendca TT-representation exists but is not
unigue. The ranks among different TT-representations eanand it's natural to seek a representa-
tion with the lowest ranks.

We use the symbol&'[ji|(ax—1, ax) to denote the element of the mati; [j;] in the position

(ag—1,ar), whereay,_1 =1,...,1x_1, ax = 1,..., 1. Equation[(ll) can be equivalently rewritten
as the sum of the products of the elements of the cores:
A(jla e 7jd) = ZGl[jl](aoa al) s Gd[jd](adfla Oéd). (2)
&Q,y..-, Qg

The representation of a tensgk via the explicit enumeration of all its elements requirestare

szl ni numbers compared Wilﬁjzzl nk I'x—1 I, NUmMbers if the tensor is stored in the TT-format.
Thus, the TT-format is very efficient in terms of memory if tiaeks are small.

An attractive property of the TT-decomposition is the dpito efficiently perform several types
of operations on tensors if they are in the TT-format: basiedr algebra operations, such as the
addition of a constant and the multiplication by a constidygt summation and the entrywise product
of tensors (the results of these operations are tensorg il fHformat generally with the increased
ranks); computation of global characteristics of a tensoch as the sum of all elements and the
Frobenius norm. See [17] for a detailed description of alg¢hpported operations.

3.1 TT-representationsfor vectorsand matrices

The direct application of the TT-decomposition to a matéxd{mensional tensor) coincides with
the low-rank matrix format and the direct TT-decompositifra vector is equivalent to explicitly
storing its elements. To be able to efficiently work with kngectors and matrices the TT-format

for them is defined in a special manner. Consider a vegterRY, where N = szl ng. We
can establish a bijectiom between the coordinatec {1,..., N} of b and ad-dimensional vector-
indexp(€) = (p1(£), ..., nqa(€)) of the corresponding tensd#t, whereu(¢) € {1,...,n;}. The
tensorB is then defined by the corresponding vector elemeBtq:(¢)) = b,. Building a TT-
representation oB allows us to establish a compact format for the vedtoWe refer to it as a
TT-vector

Now we define a TT-representation of a mat# < R*N, whereM = []i_, m; and
N = HZ: ng. Let bijectionsv(t) = (v1(t),...,va(t)) and u(€) = (p1(£),. .., nqa(¢)) map
row and co]lumn indices and/ of the matrixW to thed-dimensional vector-indices whogeth
dimensions are of lengtu;, andn;, respectivelyk = 1,...,d. From the matrix we can form

a d-dimensional tensoyV whosek-th dimension is of lengthn,n; and is indexed by the tuple
(vi(t), pi(€)). The tensoMV can then be converted into the TT-format:

W(t,€) = W((ni(t), p1(6), - -, wa(t), pa(0))) = Gilva(t), pa (0)] .- Galva(t), pa(6)],  (3)
where the matrice& [vi(t), ux ()], & = 1,...,d, serve as the cores with tuplex (), p(£))
being an index. Note that a matrix in the TT-format is notniestd to be square. Although index-
vectorsv(t) andu(¢) are of the same length the sizes of the domains of the dimensions can vary.
We call a matrix in the TT-format &T-matrix



All operations available for the TT-tensors are applicabléhe TT-vectors and the TT-matrices as
well (for example one can efficiently sum two TT-matrices getithe result in the TT-format). Ad-
ditionally, the TT-format allows to efficiently perform tmeatrix-by-vector (matrix-by-matrix) prod-
uct. If only one of the operands is in the TT-format, the reswaluld be an explicit vector (matrix); if
both operands are in the TT-format, the operation would lea evore efficient and the result would
be given in the TT-format as well (generally with the incresdiganks). For the case of the TT-matrix-
by-explicit-vector produce = Wb, the computational complexity i©(dr? m max{M, N}),
whered is the number of the cores of the TT-matWk, m = maxy=1, . qmg, r is the maximal

rank andN = HZ:1 ny is the length of the vectdy.

The ranks and, correspondingly, the efficiency of the TTvatfor a vector (matrix) depend on the
choice of the mapping(¢) (mappings/(t) andu(¢)) between vector (matrix) elements and the un-
derlying tensor elements. In what follows we use a columfeMdATLAB r eshape commandf

to form ad-dimensional tensor from the data (e. g. from a multichaimabte), but one can choose
a different mapping.

4 TT-layer

In this section we introduce thET-layer of a neural network. In short, the TT-layer is a fully-
connected layer with the weight matrix stored in the TT-fatmWe will refer to a neural network
with one or more TT-layers akensorNet

Fully-connected layers apply a linear transformation tdvadimensional input vectat:
y=Wx+b, (4)
where theveight matrixW € RM*N and thebias vectorb € R define the transformation.

A TT-layerconsists in storing the weight#” of the fully-connected layer in the TT-format, allowing
to use hundreds of thousands (or even millions) of hiddetswviile having moderate number of
parameters. To control the number of parameters one carthvaryumber of hidden units as well
as the TT-ranks of the weight matrix.

A TT-layer transforms @-dimensional tensaX’ (formed from the corresponding vecte) to thed-
dimensional tens@y (which correspond to the output vectgyr. We assume that the weight matrix
W is represented in the TT-format with the coi@%[i, jx|. The linear transformationl(4) of a
fully-connected layer can be expressed in the tensor form:

V(ir,...via) = Y Giliv,j1]... Galia, jal X (1, - .. ja) + Bir, . .. ia). (5)
Ji,

Direct application of the TT-matrix-by-vector operatiowr fthe Eq.[(b) yields the computational
complexity of the forward pas9(dr?m max{m,n}?) = O(dr?mmax{M, N}).

5 Learning

Neural networks are usually trained with the stochastidigrat descent algorithm where the gradi-
ent is computed using the back-propagation procedure [B8tk-propagation allows to compute
the gradient of a loss-functiab with respect to all the parameters of the network. The mestetis
with the computation of the gradient 6fw.r.t. the output of the last layer and proceeds sequentiall
through the layers in the reversed order while computinggtiadient w.r.t. the parameters and the
input of the layer making use of the gradients computederatipplied to the fully-connected lay-
ers [4) the back-propagation method computes the gradients the inputez and the parameters
W andb given the gradient% w.r.t to the outpuyy:

g_L_WTaL OL 9L . 8L OL
xr

- = _ —= == 6
dy’ oW oy~ 9b oy ©
In what follows we derive the gradients required to use trekfopagation algorithm with the TT-
layer. To compute the gradient of the loss function w.r¢. ltkas vectob and w.r.t. the input vector
x one can use equations (6). The latter can be applied usimgdtrex-by-vector product (where the
matrix is in the TT-format) with the complexity @ (dr?n max{m,n}?) = O(dr*n max{M, N}).

Iht t p: /7 www. mat hwor Ks. cond hel p/ mat | ab/ r ef / r eshape. ht m
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Operation ‘ Time ‘ Memory

FC forward pass | O(MN) O(MN)
TT forward pass | O(dr?mmax{M,N}) | O(rmax{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 menusgge of an\/ x N TT-layer and
anM x N fully-connected layer (FC). The input and output tensoipgisearen; x ... x my and
ni X ... X ng respectively o = maxy—1.._ 4 my) andr is the maximal TT-rank.

To perform a step of stochastic gradient descent one canquegien [6) to compute the gradient
of the loss function w.r.t. the weight matr®/, convert the gradient matrix into the TT-format
(with the TT-SVD algorithm|[17]) and then add this gradientultiplied by a step size) to the

current estimate of the weight matril,; = Wy, + waa—vLV. However, the direct computation of
AL yequiresO(M N) memory. A better way to learn the TensorNet parameters isiapate the
gradient of the loss function directly w.r.t. the cores af #T-representation aiv.
In what follows we use shortened notation for prefix and postéiquences of indicesi, :=
(i1, yik—1), 8¢ == (ig+1,...,44), © = (i, ,ix,%; ). We also introduce notations for partial
core products:

P [i, .3, ] = Gilir,j1] .- Gr—1lik—1,Jk—1],

" | o (7)
Pl 5 = Gryalivs, jit1] - - - Galids jal-
We now rewrite the definition of the TT-layer transformat@) for anyk = 2,...,d — 1:
y(’l’):y( kvlkazk Z P Zkv.]k]Gk[Zka.]k]P [ k,];]X(J;,]k,J;)‘FB(Z) (8)
Jk Jka

The gradient of the loss functioh w.r.t. to thek-th core in the positiofiy, 7] can be computed
using the chain rule:

oL 72 aL oY) o
Gk, jr] V(%) 0G i, ji]

X
T—1 Ty

Given the gradient matncegM the summation (9) can be done explicitly M ry_1 1)

time, where)/ is the length of the output vector.

We now show how to compute the matlg-é,M for any values of the core indéxe {1,...,d}

andi, € {1,...,mg}, Ik € {1,...,n,}. Foranyi = (i1,...,iq) such thati, # ir the value
of V(i) doesn’t depend on the elements@f|ix, jx] making the corresponding gradi :[}%(:)Ek]
equal zero. Similarly, any summand in the Hd. (8) such fhat j,, doesn’t affect the gradient

#5:)3]' These observations allow us to consider anly= i;, andji, = ji.

y(zk ,zk,zk) is a linear function of the COf@k[’Lk,jk] and its gradient equals the following expres-
sion:
OV (i i, 1)) T e \T e
%:E P i, P, 5D X, gk, 3. 10
OG[ir. jr] ( % Lok i, ]) ( % L2r ]k]) (Jy > Jrs 31 (10)

.
k Ik rp_1 X1 1xry

We denote the partial sum vector Bs (5, , jx, i) | € R'*:

Rk[jlv"'7jk7173k7ik+13"'7 ] Rk-]k’jk7zk ZP+ Zkv.]k ka.}kv.]]j)

Vectorst[j,;,jk,i‘k*] for all the possible values df, j, , jk andi;” can be computed via dy-
namic programming (by pushing sums w.r.t. edgh,...,j4 inside the equation and summing
out one index at a time) i (dr?m max{M, N}). Substituting these vectors info {10) and using
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Figure 1. The experiment on the MNIST dataset. We use a tyeréal neural network and substitute
the first1024 x 1024 fully-connected layer with the TT-layer (solid lines) aniiwthe matrix rank
decomposition based layer (dashed line). The solid linekffefrent colors correspond to different
ways of reshaping the input and output vectors to tensoessftpes are reported in the legend). To
obtain the points of the plots we vary the maximal TT-rankha matrix rank.

(again) dynamic programming yields us all the necesaryiogstifor summatiorni {9). The overall
computational complexity of the backward pas®igi? r* m max{M, N'}).

The presented algorithm reduces to a sequence of matrirdiyix products and permutations of
dimensions and thus can be accelerated on a GPU device.

6 Experiments

6.1 Parametersof the TT-layer

In this experiment we investigate the properties of the dyet and compare different strategies for
setting its parameters: dimensions of the tensors repiagethe input/output of the layer and the
TT-ranks of the compressed weight matrix. We run the expanton the MNIST dataset [15] for
the task of handwritten-digit recognition. As a baselinewse a neural network with two fully-
connected layersl (24 hidden units) and rectified linear unit (ReLU) achieving% error on the
test set. For more reshaping options we resize the orighal 28 images ta32 x 32.

We train several networks differing in the parameters ofdingle TT-layer. The networks contain
the following layers: the TT-layer with weight matrix of 8iz024 x 1024, ReLU, the fully-connected
layer with the weight matrix of siz&€024 x 10. We test different ways of reshaping the input/output
tensors and try different ranks of the TT-layer. As a simgepression baseline in the place of
the TT-layer we use the fully-connected layer such that &ém iof the weight matrix is bounded
(implemented as follows: the two consecutive fully-corteddayers with weight matrices of sizes
1024 x r andr x 1024, wherer controls the matrix rank and the compression factor). Thaltg of
the experiment are shown in Figlile 1. We conclude that thealiks provide much better flexibility
than the matrix rank when applied at the same compressieh Ievaddition, we observe that the
TT-layers with too small number of values for each tensoregigion and with too few dimensions
perform worse than their more balanced counterparts.

Comparison with HashedNet [4]. We consider a two-layered neural network with24 hidden
units and replace both fully-connected layers by the TEBiay By setting all the TT-ranks in the
network to8 we achieved the test error 6% with 12 602 parameters in total and by setting all
the TT-ranks td the test error of.9% with 7698 parameters. Chen et &ll [4] report results on the
same architecture. By tying random subsets of weights theypcessed the network by the factor
of 64 to the12 720 parameters in total with the test error eqRai9%.

6.2 CIFAR-10

CIFAR-10 dataset [12] consists 82 x 32 3-channel images assigned to 10 different classes: air-
plane, automobile, bird, cat, deer, dog, frog, horse, shigk. The dataset contains 50000 train and
10000 test images. Following [10] we preprocess the imagesibtracting the mean and perform-
ing global contrast normalization and ZCA whitening.

As a baseline we use the CIFAR-10 Quick/[22] CNN, which cdssi$ convolutional, pooling and
non-linearity layers followed by two fully-connected lagef sizesl 024 x 64 and64 x 10. We fix
the convolutional part of the network and substitute thiyfabnnected part by 824 x N TT-layer



TT-layers|vgg-16|vgg-19| vgg-16| vgg-16| vgg-19| vgg-19
compr. compr..compr.[top1l |top5 |topl |top5
FC FC FC 1 1 1 30.9 11.2 29.0 10.1
TT4 FC FC 50972 3.9 3. 31.2 11.2 29.8 10.4
TT2FCFC | 194622 3.9 3. 31.5 115 | 304 10.9
TT1FCFC | 713614 3.9 3. 33.3 12.8 | 319 11.8
TT4TT4FC | 37732 7.4 6 32.2 12.3 | 31.6 11.7
MR1 FC FC 3521 3.9 3.5 99.5 | 97.6 | 99.8 99
MR5 FC FC 704 3.9 3.5 81.7 | 53.9 79.1 52.4
MR50 FC FGC 70 3.7 3.4 36.7 14.9 | 34.5 15.8

Table 2: Substituting the fully-connected layers with theldyers in vgg-16 and vgg-19 networks
on the ImageNet dataset. FC stands for a fully-connectest;|ayl] stands for a TT-layer with
all the TT-ranks equal™@”; MR stands for a fully-connected layer with the matrix ranknietgd

to “0". We report the compression rate of the TT-layers matricesa the whole network in the
second, third and fourth columns.

Architecture

UL Ot Ut

followed by ReLU and by av x 10 fully-connected layer. WitV = 3125 hidden units (contrary
to 64 in the original network) we achieve the test error23t13% without fine-tuning which is
slightly better than the test error of the baselifg.25%). The TT-layer treated input and output
vectorsast x 4 x 4 x 4 x 4 and5 x 5 x 5 x 5 x 5 tensors respectively. All the TT-ranks equal
8, making the number of the parameters in the TT-layer eqiéD. The compression rate of the
TensorNet compared with the baseline w.r.t. all the pararaé$1.24. In addition, substituting the
both fully-connected layers by the TT-layers yields the éesor 0f24.39% and reduces the number
of parameters of the fully-connected layer matrices by #wtdr of11.9 and the total parameter
number by the factor of.7.

For comparison, in.[6] the fully-connected layers in a CIFAR CNN were compressed by the
factor of at mostL.7 times with the loss of abo@% in accuracy.

6.2.1 Wide and shallow network

With sufficient amount of hidden units, even a neural netweitk two fully-connected layers and
sigmoid non-linearity can approximate any decision boup{ls. Traditionally, very wide shallow
networks are not considered because of high computatiothh@&mory demands and the over-
fitting risk. TensorNet can potentially address both issuéfe use a three-layered TensorNet of
the following architecture: the TT-layer with the weight tmaof size3 072 x 262 144, ReLU, the
TT-layer with the weight matrix of siz262 144 x 4096, ReLU, the fully-connected layer with the
weight matrix of size1 096 x 10. We report the test error &1.47% which is (to the best of our
knowledge) the best result achieved by a non-convolutioeatal network.

6.3 ImageNet

In this experiment we evaluate the TT-layers on a large seale. We consider the 1000-class
ImageNet ILSVRC-2012 dataset [19], which consist of 1.2liomil training images and 50 000
validation images. We use deep the CNNs vgg-16 and vg-J%eihe reference modgI8oth
networks consist of the two parts: the convolutional andftily-connected parts. In the both
networks the second part consist3dully-connected layers with weight matrices of siZ588 x
4096, 4096 x 4096 and4096 x 1000.

In each network we substitute the first fully-connectedtayiéh the TT-layer. To do this we reshape
the 25088-dimensional input vectors to the tensors of the 8ize7 x 8 x 8 x 7 x 4 and the4096-
dimensional output vectors to the tensors of the dize4 x 4 x 4 x 4 x 4. The remaining fully-
connected layers are initialized randomly. The parametietise convolutional parts are kept fixed
as trained by Simonyan and Zisserman [21]. We train the V&land the fully-connected layers
on the training set. In Tablé 2 we vary the ranks of the TTH&yel report the compression factor of
the TT-layers (vs. the original fully-connected layerk tiesulting compression factor of the whole
network, and the top 1 and top 5 errors on the validation seaddition, we substitute the second
fully-connected layer with the TT-layer. As a baseline coagsion method we constrain the matrix
rank of the weight matrix of the first fully-connected layaing the approach of[2].

2pAfter we had started to experiment on the vgg-16 network tjg*networks have been improved by
the authors. Thus, we report the results on a slightly oatbleérsion of vgg-16 and the up-to-date version of
vgg-19.



Type 1im. time (ms) 100 im. time (ms)

CPU fully-connected layer 16.1 97.2
CPU TT-layer 1.2 94.7
GPU fully-connected layer 2.7 33

GPU TT-layer 1.9 12.9

Table 3: Inference time for 25088 x 4096 fully-connected layer and its corresponding TT-layer
with all the TT-ranks equal. The memory usage for feeding forward one imag&&MB for the
fully-connected layer and.766MB for the TT-layer.

In Table[2 we observe that the TT-layer in the best case manageeduce the number of the
parameters in the matrd¥” of the largest fully-connected layer by a factor6fi 622 (from 25088 x
4096 parameters t%28) while increasing the top 5 error froml.2 to 11.5. The compression
factor of the whole network remains at the leveBdf because the TT-layer stops being the storage
bottleneck. By compressing the largest of the remainingriayhe compression factor goes up
to 7.4. The baseline method when providing similar compressitesraignificantly increases the
error.

For comparison, consider the results of [26] obtained ferciimpression of the fully-connected lay-
ers of the Krizhevsky-type network [13] with the Fastfoodthoel. The model achieves compression
factors of 2-3 without decreasing the network error.

6.4 Implementation details

In all experiments we use our MATLAB extensibaf the MatConvNet framewofl{24]. For the
operations related to the TT-format we use the TT-Todlbmplemented in MATLAB as well. The
experiments were performed on a computer with a quad-ctekQore i5-4460 CPU, 16 GB RAM
and a single NVidia Geforce GTX 980 GPU. We report the runtiimgs and the memory usage at
the forward pass of the TT-layer and the baseline fully-emted layer in Tablgl 3.

We train all the networks with stochastic gradient desceittt momentum (coefficiend.9). We
initialize all the parameters of the TT- and fully-connettayers with a Gaussian noise and put
L2-regularization (weigh®.0005) on them.

7 Discussion and future work

Recent studies indicate high redundancy in the currentah@etwork parametrization. To exploit
this redundancy we propose to use the TT-decompositionefinark on the weight matrix of a
fully-connected layer and to use the cores of the deconiposis the parameters of the layer. This
allows us to train the fully-connected layers compressedifpyo 200 000x compared with the
explicit parametrization without significant error incsea Our experiments show that it is possible
to capture complex dependencies within the data by usinditmeore compact representations. On
the other hand it becomes possible to use much wider layarswhas available before and the
preliminary experiments on the CIFAR-10 dataset show thdéwnd shallow TensorNets achieve
promising results (setting new state-of-the-art for nonwolutional neural networks).

Another appealing property of the TT-layer is faster inferetime (compared with the correspond-
ing fully-connected layer). All in all a wide and shallow BNet can become a time and memory
efficient model to use in real time applications and on madh@eices.

The main limiting factor for an\/ x N fully-connected layer size is its parameters numbew .
The limiting factor for anM x N TT-layer is the maximal linear sizeax{M, N}. As a future work
we plan to consider the inputs and outputs of layers in théofifvat thus completely eliminating
the dependency o/ and N and allowing billions of hidden units in a TT-layer.
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