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Abstract

Modern convolutional neural network (CNN) architectures, despite their superiority in
solving various problems, are generally too large to be deployed on resource constrained
edge devices. In practice, this limits many real-world applications by requiring them to
off-load computations to cloud-based systems. Such a limitation introduces concerns re-
lated to privacy as well as bandwidth capabilities. The design of efficient models as well
as automated compression methodologies such as quantization, pruning, knowledge distil-
lation and tensor decomposition have been proposed to allow models to operate in such
resource-constrained environments. In particular, tensor decomposition approaches have
gained interest in recent years as they can achieve a wide variety of compression rates while
maintaining efficient memory access patterns. However, they typically cause significant re-
duction in model performance on classification tasks after compression.

To address this challenge, a new method that improves performance of decomposition-
based model compression has been designed and tested on a variety of classification tasks.
Specifically, we compress convolutional layers by generalizing the Kronecker product de-
composition to apply to multidimensional tensors, leading to the Generalized Kronecker
Product Decomposition (GKPD). Our approach yields a plug-and-play module that can
be used as a drop-in replacement for any convolutional layer to simultaneously reduce its
memory usage and number of floating-point-operations. Experimental results for image
classification on CIFAR-10 and ImageNet datasets using ResNet, MobileNetv2 and SeNet
architectures as well as action recognition on HMDB-51 using I3D-ResNet50 substantiate
the effectiveness of our proposed approach. We find that GKPD outperforms state-of-
the-art decomposition methods including Tensor-Train and Tensor-Ring as well as other
relevant compression methods such as pruning and knowledge distillation.

The proposed GKPD method serves as a means of deploying state-of-the-art CNN
models without sacrificing significant accuracy degradation. Furthermore, the capability
of utilizing GKPD as a drop-in replacement for convolutional layers allows its use for CNN
model compression with minimal development time, in contrast to approaches such as
efficient architecture design.
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Chapter 1

Introduction

Convolutional neural networks (CNNs) have achieved state-of-the-art performance on a
wide range of computer vision tasks such as image classification [1, 2, 3], action recognition
[4, 5, 6] and object detection [7, 8]. Despite achieving remarkably low generalization
errors, modern CNN architectures are typically over-parameterized, consisting of millions of
parameters. As the size of state-of-the-art CNN architectures continues to grow, deploying
these models on resource constrained edge devices becomes more challenging. Motivated
by studies demonstrating that there is significant redundancy in CNN parameters [9],
model compression techniques such as pruning, quantization, tensor decomposition and
knowledge distillation have emerged to address this problem.

Decomposition methods have gained more attention in recent years as they can achieve
higher compression rates in comparison to other approaches, when compressing DNN pa-
rameters. Namely, Tucker [10], CP [11], Tensor-Train [12, 13], and Tensor-Ring [14] de-
compositions have been widely studied for DNNs. However, these methods still suffer
significant accuracy loss for computer vision tasks.

Kronecker product decomposition (KPD) is another decomposition method that has
recently shown to be very effective when applied to RNNs [15]. KPD leads to model
compression via replacing a large matrix with two smaller Kronecker factor matrices that
best approximate the original matrix.

In this work, we generalize KPD to tensors, yielding the Generalized Kronecker Product
Decomposition (GKPD), and use it to decompose convolution tensors. GKPD involves find-
ing the summation of Kronecker products between factor tensors that best approximates
the original tensor. We provide a solution to this problem called the Multidimensional
Nearest Kronecker Product Problem. By formulating the convolution operation directly

1



in terms of the Kronecker factors, we show that we can avoid reconstruction at runtime
and thus obtain a significant reduction in memory footprints and floating-point operations
(FLOPs). Once all convolution tensors in a pre-trained CNN have been replaced by their
compressed counterparts, we retrain the network. If a pretrained network is not available,
we show that we are still able to train our compressed network from a random initialization.

Applying GKPD to an arbitrary tensor leads to multiple possible decompositions, one
for each configuration of Kronecker factors. In Figure 1.1, we plot reconstruction errors
using different configurations, of the tensor in the first layer of a ResNet18 model [1], pre-
trained on ImageNet [16]. As shown in this figure, we find that for any given compression
factor, choosing a decomposition that consists of a larger summation of smaller Kronecker
factors (as opposed to a smaller summation of larger Kronecker factors) leads to a lower
reconstruction error as well as improved model accuracy.

To summarize, the following are the main contributions of this thesis.

• Providing a solution to the multidimensional nearest Kronecker product problem
and providing a solution using SVD, leading to the Generalized Kronecker Product
Decomposition (GKPD).

• Improving the state-of-the art for compression of image classification models on
CIFAR-10 and ImageNet using compressed ResNet [1], MobileNetv2 [17] and SeNet
[18] architectures as well as action recognition on HMDB-51 using I3D-ResNet50 [6].

2



Original Tensor Reconstructed Tensor Reconstruction Error

(a) SVD (Tucker)

(b) GKPD - 1

(c) GKPD - 8

Figure 1.1: A compression rate of 2× achieved for an arbitrary tensor from the first layer
of ResNet18 using SVD (Tucker) in (a), and the proposed GKPD in (b) and (c). A larger
summation, GKPD-8 achieves a lower reconstruction error in comparison with both a
smaller summation, GKPD-1, as well as SVD (Tucker) decomposition.
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Chapter 2

Background

The past few years have seen an increasing trend in the computational burden presented by
DNN models. Thus, inspiring the development of a variety of efficient architecture designs
such as MobileNetv2 [17], ShuffleNet [19] and Xception [20] as well as efficient models
found by means of architecture search such as in EfficientNet [21], MobileNetv3 [22] and
ProxylessNAS [23]. While approaches such as Xception [20] and EfficientNet [21] find
suitable models based on design criteria (such as model size, depth and width), approaches
that find models suitable for particular hardware have also been proposed [24, 23, 25].

On the other hand, there have been a variety of approaches proposed to compress
existent models, including quantization, pruning, knowledge distillation and tensor de-
composition. Below, we provide a summary of some notable methods falling under these
categories.

Quantization methods involve reducing the precision of parameters and activations into
lower-bit representations, such as in [26] which quantizes 32-bit parameters to 8-bit repre-
sentations. Some works have pushed this further by quantizing model parameters to binary
[27, 28, 29, 30] and ternary [31, 32] representations. An important success of quantization
methods is their ability to lead to speedups in DNN training [30]. However, it has been
shown to be challenging to go below half-precision while maintaining a similar level of
performance [33].

Pruning methods can be further categorized into unstructured [34, 26, 35] and structured
[36, 37, 38]. The former has the potential to lead to a large number of pruned parameters
with minimal loss in generalization performance. However, in practice structured methods
are preferred as unstructured methods do not lead to expected model acceleration. This
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is due to the irregularity of the imposed sparsity constraints, leading to sparse matrix
operations that are challenging to accelerate [39].

Knowledge distillation approaches commonly compress a large (teacher) network by
using it to train a smaller (student) network [40]. These approachess are inspired by
the observation that large models tend to better extract structure from large redundant
datasets, whereas once this structure is extracted it can be more efficiently represented
using a smaller model [41]. This concept has been further extended in approaches such as
the one proposed by Mirzadeh et al [42] which uses intermediate teacher assistant networks,
and Heo et al [43] which favours the transfer of decision boundary information.

Low-rank approximations rely on representing large matrices or tensors using a set
of factors. This approach typically results in a reduced number of parameters and com-
putations. One of the first works in this area began by applying truncated singular value
decomposition (SVD) to convolution tensors reshaped to matrices [44]. This inspired others
to apply tensor decomposition approaches to DNN model compression, such as Canonical
Polyadic (CP) [11], Tucker [10] Tensor-Train (TT) [12] and Tensor Ring (TR) [14]. On
the other hand, there has been a closely related line of work focusing on representing con-
volution filters using low-rank bases [45] and initializing these bases to minimize either
the filter reconstruction error or projection error. This approach was extended in [46] to
allow for a varying bases size and to further improve compression results. In a similar vein,
sharing filter weights across spatial locations was proposed by FSNet [47]. Representing
matrices and tensors using a Kronecker factorization was also explored by Zhou et al [48],
but was limited to rank-1 approximations that were randomly initialized. As shown in
Figure 1.1 and in the next sections of this thesis, using a larger summation of Kronecker
products can significantly improve the representation power of a network and thus leads
to a performance increase.

Kronecker factorizations have also been used to approximate the Fisher information
matrix (FIM) when training DNN models using second-order optimization methods [49,
50]. Specifically, approximations for models using fully-connected layers [49] as well as
convolutional layers [50] have been derived. This line of work targets accelerated training,
by leveraging curvature information to provide better model parameter updates. The more
informed parameter updates will often lead to a reduction in the number of steps required
for convergence. Such approximations have been further improved in [51] by recognizing
the low-rank nature of the Kronecker factors that emerges when using mini-batches to
approximate true statistics, leading to less time spent inverting the FIM approximation.
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Chapter 3

Generalized Kronecker Product
Decomposition

In this chapter, we introduce the proposed Generalized Kronecker Product Decomposition
(GKPD). We start by providing background on the Kronecker Product Decomposition in
Section 3.1, then present its generalization to multi-way tensors in Section 3.2. Further-
more we derive an algorithm for performing convolution operations using GKPD factorized
tensors in Section 3.3.

3.1 Preliminaries

Given matrices A ∈ IRm1×n1 and B ∈ IRm2×n2 , their Kronecker product is the m1m2×n1n2

matrix

A ⊗B ≜

 a11B . . . a1n1B
...

. . .
...

am11B . . . am1n1B

 . (3.1)

As shown by Loan et al [52], any matrix W ∈ IRm1m2×n1n2 can be decomposed into a
sum of Kronecker products as

W =
R∑

r=1

Ar ⊗Br, (3.2)
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where
R = min(m1n1,m2n2) (3.3)

is the rank of a reshaped version of matrix W . We call this R the Kronecker rank of W .
Note that the Kronecker rank is not unique, and is dependent on the dimensions of factors
A and B .

To compress a given matrix W , we can represent it using a small number R̂ < R of
Kronecker products that best approximate the original tensor. The best factors are found
by solving the Nearest Kronecker Product problem [53]

min
{Ar},{Br}

∥∥∥∥∥∥W −
R̂∑

r=1

Ar ⊗Br

∥∥∥∥∥∥
2

F

. (3.4)

where ∥∥F denotes the Frobenius norm. As this approximation replaces a large matrix with
a sequence of two smaller ones, memory consumption is reduced by a factor of

m1m2n1n2

R̂(m1n1 +m2n2)
. (3.5)

Furthermore, if a matrix W is decomposed into its Kronecker factors then the projection
Wx can be performed without explicit reconstruction of W . Instead, the factors can be
used directly to perform the computation as a result of the following equivalency relation-
ship:

y = (A ⊗B)x ≡ Y = BXA⊤, (3.6)

where vec(X ) = x, vec(Y ) = y and vec(·) vectorizes matrices X ∈ IRn2×n1 and Y ∈
IRm2×m1 by stacking their columns.

3.2 Generalized Kronecker Product Decomposition

We now turn to generalizing the Kronecker product to operate on tensors. Let A ∈
IRa1×···×aN and B ∈ IRb1×···×bN be two given tensors. Intuitively, tensor (A ⊗ B) ∈
IRa1b1×···×aN bN is constructed by moving around tensor B in a non-overlapping fashion,
and at each position scaling it by a corresponding element of A as shown in Figure 3.1.
Formally, the multidimensional Kronecker product [48] is defined as follows

(A ⊗ B)i1···iN ≜ Aj1···jNBk1···kN , (3.7)
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Figure 3.1: Illustration of Kronecker decomposition of a single convolution filter (with
spatial dimensions equal to one for simplicity).

where

jn =

⌊
in
bn

⌋
and kn = inmodbn (3.8)

represent the integer quotient and the remainder term of in with respect to divisor bn,
respectively.

As with matrices, any multidimensional tensor W ∈ IRw1×···×wN can be decomposed
into a sum of Kronecker products

W =
R∑

r=1

Ar ⊗ Br, (3.9)

where
R = min(a1a2 · · · aN , b1b2 · · · bN) (3.10)

denotes the Kronecker rank of tensor W . Thus, we can approximate W using GKPD by
solving the Multidimensional Nearest Kronecker Product problem

min
{Ar},{Br}

∥∥∥∥∥∥W −
R̂∑

r=1

Ar ⊗ Br

∥∥∥∥∥∥
2

F

, (3.11)

where R̂ < R. For the case of matrices (2D tensors), [53] solved this problem using SVD.
We extend their approach to the multidimensional setting. Our strategy will be to define
reshaping operators

RW : IRd1×···×dN → IRNp×d′1···d′N (3.12)

ra : IR
d1×···×dN → IRd1···dN (3.13)

rb : IR
d1×···×dN → IRd1···dN (3.14)
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and solve

min
{Ar},{Br}

∥∥∥∥∥∥RW (W )−
R̂∑

r=1

ra(Ar)rb(Br)
⊤

∥∥∥∥∥∥
2

F

(3.15)

instead. By carefully defining the reshaping operators, the sum of squares in (3.15) is
kept identical to that in (3.11). The former corresponds to finding the best low-rank
approximation, which has a well known solution using SVD. We define the reshaping
operators as follows:

RW (W ) = Mat(Unfold(W ,d(B))) (3.16)

ra(A) = Unfold(A, d(IA)) (3.17)

rb(B) = Vec(B) (3.18)

where
Unfold : IRd1×···×dN → IRNp×d′1×···×d′N (3.19)

takes as input a tensorW and sub-patch shape vector d′ = (d′1, · · · , d′N), then extracts Np

non-overlapping patches of shape d′ from tensor W . Thus tensor W dimensions must be
divisible by d′). The operation

Vec : IRd1×···×dN → IRd1···dN (3.20)

flattens its input into a vector, and

Mat : IRd1×···×dN → IRd1×d2···dN (3.21)

reshapes a tensor to a matrix. Tensor IA has the same number of dimensions as A with
each dimension equal to unity and d(B) is a vector describing the shape of tensor B. While
the ordering of patch extraction in (3.19) and flattening (3.20) is not important, it must
remain consistent across the reshaping operators (see Lemma 1).

Finally, upon conversion of the problem in (3.11) to the low-rank matrix approximation
problem (3.15), we can use SVD to select optimal approximating vectors then reshape
them back to tensors by applying the inverse of (3.13) and (3.14). We demonstrate the
optimality of our approach through the following lemma and theorem, which make use of
index mappings defined below.

Definition 1. (Index mapping)

A function g : IRg
(a)
1 ×···×g

(a)
N → IRg

(b)
1 ×···×g

(b)
N satisfying

N∏
n=1

g(a)n =
N∏

n=1

g(b)n

9



is called a reshaping operation and induces an index mapping Ig such that

g(x)i(b) = xi(a) , i(b) = Ig(i
(a)), (3.22)

for any i(a) ∈ Ng
(a)
1 ×···×g

(a)
N .

Lemma 1. (Sum of squares preserving reshapings)
Let W ∈ IRw1×···×wN , A ∈ IRa1×···×aN and B ∈ IRb1×···×bN . Then,

min
{Ar},{Br}

∥∥∥∥∥∥W −
R̂∑

r=1

Ar ⊗ Br

∥∥∥∥∥∥
2

F

≡ min
{Ar},{Br}

∥∥∥∥∥∥RW (W )−
R̂∑

r=1

ra(Ar)rb(Br)
⊤

∥∥∥∥∥∥
2

F

(3.23)

where,

Vec : IRd1×···×dN → IRd1···dN (3.20 revisted)

Mat : IRd1×···×dN → IRd1×d2···dN (3.21 revisted)

Unfold : IRd1×···×dN → IRNp×d′1×···×d′N (3.19 revisted)

RW : IRd1×···×dN → IRNp×d′1···d′N (3.12 revisted)

ra : IR
d1×···×dN → IRd1···dN (3.13 revisted)

rb : IR
d1×···×dN → IRd1···dN (3.14 revisted)

are reshaping operations with di, d
′
i ∈ N and index mappings

IUnfold(i
(a), d(A), d(B)) ≜

[
P (u)c

]
p(i(a),d(A),d(B))

i(a) mod d(A)

 , (3.24)

IVec(i
(a), d(A)) ≜

[
P (v)c

]
p(i(a),d(A),d

(IA )
)
, (3.25)

IMat(i
(a), d(A)) ≜

 i
(a)
1

IVec(i
(a)
2: , d

(A)
2: )

 , (3.26)

(3.27)

10



where P (u) and P (v) denote permutation matrices, vector c contains an integer enumera-

tion starting at one and ending at
∏

i

[
d(A)

d(B)

]
i
, mod denotes an element-wise modulo oper-

ation, and

p(i(a), d(A), d(B)) = sum

⌊
i(a)

d(B)

⌋
×

 1

L
[d(A)

d(B)

]
2:

 (3.28)

with the multiplication, division and floor operations being element-wise.

Theorem 1. (Optimality of GKPD)
Any tensor W ∈ IRw1×···×wN can be represented exactly as

W =
R∑

r=1

A ⊗ B (3.29)

where Ar ∈ IRa1×···×aN , Br ∈ IRb1×···×bN and R ∈ N

3.3 GKPD Factorized Convolutions

An N-dimensional convolution operation in CNNs between a weight tensorW ∈ IRF×C×D1×···DN

and an input X ∈ IRC×S1×···SN is a multilinear map that can be described in scalar form as

Y fd1···dN =
∑

c,δ1,··· ,δN

W fcδ1···δNX c,d1+δ1,··· ,dN+δN . (3.30)

Assuming W can be decomposed to KPD factors

A ∈ IRf (a)×c(a)×d
(a)
1 ×···×d

(a)
N and B ∈ IRf (b)×c(b)×d

(b)
1 ×···×d

(b)
N (3.31)

we can rewrite (3.30) as

Y fd1···dN =
∑

r,c(a),c(b),δ(a),δ(b)

(A ⊗ B)fcd1···dNX c,d1+δ1,··· ,dN+δN . (3.32)

Due to the structure of tensor A ⊗ B, we do not need to explicitly reconstruct it to
carry out the summation in (3.32). Instead, we can carry out the summation by directly
using elements of tensors A and B as shown in Lemma 2. This key insight leads to a
large reduction in both memory and FLOPs. Effectively, this allows us to replace a large
convolutional layer (i.e. a convolution with a large weight tensor) with two smaller ones,
as we demonstrate in the rest of this section.
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Lemma 2. (Linear Projections with Kronecker factorized tensors) Given tensor W ∈
IRw1×···×wN and its GKPD factors A ∈ IRa1×···×aN , B ∈ IRb1×···×bN such that W = A ⊗ B.
Then, the multilinear map involving W can be written directly in terms of its factors as
follows:

W i1···iNX i1···iN = Aj1···jNBk1···kNX g(j1,k1)···g(jN ,kN ), (3.33)

where X ∈ IRd1×···×dN is an input tensor,

g(jn, kn) ≜ jnbn + kn, (3.34)

is a re-indexing function; and jn, kn are as defined in (3.8). The equality also holds for any
valid offsets to the input’s indices. That is,

W i1···iNX i1+o1, ··· , iN+oN = Aj1···jNBk1···kNX g(j1,k1)+o1, ··· , g(jN ,kN )+oN , (3.35)

where oi ∈ N.

Applying Lemma 2 to the summation in (3.32) yields

Y fd1···dN =
∑

r,c(a),c(b),δ(a),δ(b)

A
f (a)c(a)δ

(a)
1 ···δ(a)N

B
f (b)c(b)δ

(b)
1 ···δ(b)N

X
g(c1,c2),g(δ

(a)
1 ,δ

(b)
1 )+d1,··· ,g(δ(a)N ,δ

(b)
N )+dN

,

(3.36)

where indices i1, j1, c1 enumerate over elements in tensor A and i2, j2, c2 enumerate over
elements in tensor B. Finally, we can separate the convolution operation into two steps by
exchanging the order of summation as follows:

Y fd1···dN =
∑

r,c(a),δ(a)

A
f (a)c(a)δ

(a)
1 ···δ(a)N

∑
c(b),δ(b)

B
f (b)c(b)δ

(b)
1 ···δ(b)N

X
g(c1,c2),g(δ

(a)
1 ,δ

(b)
1 )+d1,··· ,g(δ(a)N ,δ

(b)
N )+dN

,

(3.37)

Overall, (3.37) can be carried out efficiently in tensor form using Algorithm 1. Ef-
fectively, the input is collapsed in two stages instead of one as in a standard multidi-
mensional convolution operation, and can be carried out efficiently using two consectuive
N-dimensional convolution operations with intermediate reshapings.
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Algorithm 1: KroneckerConvNd

Input:

A ∈ IRR×f (a)×c(a)×d
(a)
1 ×···×d

(a)
N , B ∈ IRR×f (b)×c(b)×d

(b)
1 ×···×d

(b)
N ,

X ∈ IRB×C×D1×···×DN

Output: X ∈ IRB×F×D1×···×DN

X ← Reshape(X ) // IRBc(a)×c(b)×D1×···DN

X ← ConNd(B, X ) // IRBc(a)×f (b)×D1×···DN

X ← Reshape(X ) // IRBf (b)×c(a)×D1×···DN

X ← ConvNd(A, X , groups = R) // IRBf (b)×f (a)×D1×···DN

X ← Reshape(X ) // IRB×F×D1×···×DN

return X

More specifically, convolving a multi-channel input with a single filter in W yields a
scalar value at each output spatial location. This is done by first scaling all elements in the
corresponding multidimensional patch, then collapsing it by means of summation. Since
tensor W is comprised of multidimensional patches B scaled by elements in A, we can
equivalently collapse each sub-patch in the input using tensor B followed by a subsequent
collapsing using tensor A to obtain the same scalar value.

3.4 Complexity of GKPD Factorized Convolutions

The GKPD decompostion of a tensor is not unique. Different choices of Kronecker fac-
tor dimensions will lead to different reductions in memory and number of operations.
Specifically, for an N-dimensional convolution performed using a tensor represented with

R̂ Kronecker products of factors A ∈ IRf (a)×c(a)×d
(a)
1 ×···×d

(a)
N and B ∈ IRf (b)×c(b)×d

(b)
1 ×···×d

(b)
N

the memory reduction is

CR =
f (a)c(a)f (b)c(b)

∏N
n=1 d

(a)
n d

(b)
n

R̂
(
f (a)c(a)

∏N
n=1 d

(a)
n + f (b)c(b)

∏
n=1 d

(b)
n

) , (3.38)

whereas the reduction in FLOPs is
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FR =
f (a)c(a)f (b)c(b)

∏N
n=1 d

(a)
n d

(b)
n

R̂
(
f (b) · f (a)c(a)

∏N
n=1 d

(a)
n + c(a) · f (b)c(b)

∏N
n=1 d

(b)
n

) . (3.39)

For the special case of a 2-dimensional convolution using separable 3 × 3 filters, and
R̂ = 1 the reduction in FLOPs becomes

3f (a)c(b)

f (a) + c(b)
. (3.40)
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(a) Conv2d

(b) KroneckerConv2d

Figure 3.2: Illustration of KroneckerConvNd algorithm (for the 2-Dimensional setting,
using a Kronecker rank of one). Although (a) and (b) result in identical outputs, the latter
is more efficient in terms of memory and FLOPs.
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Chapter 4

Applying GKPD to DNN models

In this chapter, we highlight two approaches to selecting the shapes of the Kronecker
decomposition of convolution tensors when applying GKPD to DNN models.

Modern deep learning architectures in the computer vision domain often contain many
convolution tensors of varying shapes. As the GKPD decomposition is not unique, some
thought must be given to configuration selection in applying GKPD to model compression.
For clarity, we define what is meant by a configuration below.

Definition 2. (Configuration) Given a tensorW ∈ IRw1×···×wd and its approximation using

R̂ Kronecker factors

A ∈ IRa1×···×ad and B ∈ IRb1×···×bd , (4.1)

such that ai · bi = wi obtained from the solution to the Multidimensional Nearest Kronecker
Product problem (3.11); the collection (R̂,dA ,dB) is referred to as a configuration.

In our work we experimented with two configuration selection methods. The first method
selected configurations that minimized a reconstruction error. The second was developed
out of practical considerations and made selections from a smaller subset of configurations
that the lowest runtime latency. In the coming sections, we describe these methods in
mode detail.
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4.1 Minimum Reconstruction Error Configuration

Given a tensor W ∈ IRw1×···×wd from a pre-trained network, we find the optimal configu-
ration by solving

min
Ar,Br,

dA ,dB ,R̂

∥∥∥∥∥∥W −
R̂∑

r=1

Ar ⊗ Br

∥∥∥∥∥∥
2

F

s.t. R̂a1 · · · adb1 · · · bd ≤ c.

(4.2)

In other words, we select the configuration by minimizing over the Kronecker factors’ values
as well as their dimensions and the choice of rank. Though its discrete nature complicates
this problem, in practice it is easy to find its solution. Specifically, (4.2) can be solved by
performing the minimization in two stages

min
dA ,dB

min
Ar,Br,R̂

∥∥∥∥∥∥W −
R̂∑

r=1

Ar ⊗ Br

∥∥∥∥∥∥
2

F

,

s.t. R̂a1 · · · adb1 · · · bd ≤ c.

(4.3)

In other words, (4.2) is solved in two stages by enumerating through all possible configura-
tions that satisfy the constraint and solving the inner minimization at each iteration. As
the objective function is a non-increasing function of R̂ (i.e., using a larger rank leads to

better reconstruction in (3.15)), it suffices to select the largest value for R̂ that does not
violate the constraint at each iteration.

4.2 Minimum Latency Configuration

Though the GKPD factorization of a convolution layer’s weight tensor reduces its number of
FLOPs, in practice it can increase its runtime. Therefore, we also explored configurations
that were of no detriment to latency. Specifically, for a given desired compression rate
CR ∈ (0, 1) we select the optimal configuration by solving

min
dA ,dB ,R̂

∥R̂a1 · · · adb1 · · · bd − pORIGCR∥,

s.t. lGKPD ≤ lORIGINAL,
(4.4)
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where pORIG is the number of parameters prior to compression and lGKPD, lORIGINAL are
the runtime latencies of the compressed layer and the original layer respectively.

The solution to (4.4) is obtained by generating the runtimes for all configurations for
a given tensor, and selecting a configuration that best matches the desired compression
rate from a the subset of configurations that do not increase runtime beyond that of the
original uncompressed layer.
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Chapter 5

Experimental Results

This section presents our experimental results for the application of GKPD to various
computer vision domains, such as image classification and action recognition. Here we focus
on comparing GKPD to state-of-the-art decomposition methods on the aforementioned
tasks, though comparisons to other compression approaches such as knowledge distillation
and pruning are also reported.

5.1 Image Classification

In this section, we provide model compression experimental results for image classification
tasks using a variety of popular CNN architectures such as ResNet [1] and SEResNet
which benefits from the squeeze-and-excitation blocks [18]. We also choose to apply our
compression method on MobileNetV2 [17] as a model that is optimized for efficient inference
on embedded vision applications through depthwise separable convolutions and inverted
residual blocks. We provide implementation details in Appendix B.

Table 5.1 shows the top-1 accuracy on the CIFAR-10 [54] dataset using compressed
ResNet18 and SEResNet50. For each architecture, the compressed models obtained using
the proposed GKPD are named with the “Kronecker” prefix added to the original model’s
name. The configuration of each compressed model is selected such that the number of
parameters is similar to MobileNetV2. We observe that for ResNet18 and SEResNet50,
the number of parameters and FLOPs can be highly lowered at the expense of a small
decrease in accuracy. Specifically, KroneckerResNet18 achieves a compression of 5× and
a 4.7× reduction in FLOPs with only 0.08% drop in accuracy. KroneckerSEResNet50
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Model Params (M) FLOPs (M) Top-1 (%)

MobileNetV2 (Baseline) 2.30 96 94.18

ResNet18 (Baseline) 11.17 557 95.05
KroneckerResNet18 2.2 117 94.97

SEResNet50 (Baseline) 21.40 1163 95.15
KroneckerSeResNet50 2.30 120 94.45

Table 5.1: Top-1 accuracy measured on CIFAR-10 for the baseline models MobileNetV2,
ResNet18 and SEResNet as well their compressed versions using GKPD. The number of
parameters in compressed models are approximately matched with that of MobileNetV2.

obtains a compression rate of 9.3× and a 9.7× reduction in FLOPs with only 0.7% drop
in accuracy.

Moreover, we see that applying the proposed GKPD method on higher-capacity archi-
tectures such as ResNet18 and SEResNet50 can lead to higher accuracy than a hand-crafted
efficient network such as MobileNetV2. Specifically, with the same number of parameters
as that of MobileNetV2, we achieve a compressed ResNet18 (KroneckerResNet18) and a
compressed SEResNet50 (KroneckerSEResNet50) with 0.80% and 0.27% higher accuracy
than MobileNetV2.

Table 5.2 shows the performance of GKPD when used to achieve extreme compression
rates. The same baseline architectures are compressed using different configurations. We
also use GKPD to compress the already efficient MobileNetV2. When targeting very small

Model Params (M) CR Top-1 (%)

KroneckerResNet18 0.48 23.27× 92.62

KroneckerSeResNet50
0.93 23.01× 93.66
0.29 73.79× 91.85

KroneckerMobileNetV2
0.73 3.15× 93.80
0.29 7.90× 93.01
0.18 12.78× 91.48

Table 5.2: Top-1 accuracy measured on CIFAR-10 highly compressed ResNet18 [1], Mo-
bileNetV2 [17] and SEResNet [18].
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8 × 16 × 32 × 64 × 128 ×

Figure 5.1: Image reconstruction results when using GKPD (top) and TT (bottom) for
image compression. GKPD leads to a lower reconstruction error due to its ability to exploit
local redundancy in multiple dimensions simultaneously.

models (e.g., 0.29M parameters) compressing MobileNetV2 with a compression factor of
7.9× outperforms extreme compression of SEResNet50 with a compression factor of 73.79×.

In the following subsections, we present comparative assessments using different model
compression methods.

5.1.1 Comparison with Decomposition-Based Methods

In this section, we compare GKPD to other tensor decomposition compression methods.
We use a classification model pretrained on CIFAR-10 and apply model compression meth-
ods based on Tucker [10], Tensor-Train [13], and Tensor-Ring [14], along with our proposed
GKPD method. We choose ResNet32 architecture in this set of experiments since it has
been reported to be effectively compressed using Tensor-Ring in [14].

The model compression results obtained using different decomposition methods aim-
ing for a 5× compression rate are shown in Table 5.3. As this table suggests, GKPD
outperforms all other decomposition methods for a similar compression factor.

We attribute the performance of GKPD to its higher representation power. This is
reflected in its capacity to exploit local redundancy in multiple dimensions simultaneously,
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Figure 5.2: Reconstruction error between convolution tensors in a ResNet18 model pre-
trained on ImageNet and compressed representations at a 4× compression rate, for each
layer in the network (x-axis denotes layer number). GKPD always yields a lower recon-
struction error than Tucker decomposition

as shown in Figure 5.1, as well as its ability to better reconstruct weight tensors in a
pretrained network, as illustrated in Figure 5.2.

5.1.2 Comparison with Other Compression Methods

We compare our proposed model compression method with two state-of-the-art KD-based
compression methods [42, 43]. These methods are known to be very effective on rela-
tively smaller networks, such as ResNet26. Thus, we perform our compression method
on ResNet26 architecture in these experiments. Table 5.4 presents the top-1 accuracy ob-
tained for different compressed models with two different compression rates. As this table
suggests, the proposed method results in greater than 2% and 3.7% improvements in top-1
accuracy once we aim for compression rates of ∼2× and ∼5×, respectively, compared to
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Model Params (M) CR Top-1 (%)

Resnet32 0.46 1× 92.55

TuckerResNet32 0.09 5× 87.7
TensorTrainResNet32 0.096 4.8× 88.3
TensorRingResNet32 0.09 5× 90.6
KroneckerResNet32 0.09 5× 91.52

Table 5.3: Top-1 Accuracy on CIFAR-10 of compressed ResNet32 using various decompo-
sition approaches.

using the KD-based model compression methods.

5.1.3 Model Compression with Random Initialization

To study the effect of replacing weight tensors in neural networks with a summation of
Kronecker products, we conduct experiments using randomly initialized Kronecker factors
as opposed to performing GKPD on a pretrained network. By replacing all weight tensors
in a predefined network architecture with a randomly initialized summation of Kronecker
products, we obtain a compressed model. To this end, we run assessments on a higher
capacity architecture i.e, ResNet50 on a larger scale dataset i.e, ImageNet [16]. Table 5.5

Model Params (M) Compr. Top-1 (%)

ResNet26 0.37 1× 92.94

TA [42] 0.17 2.13× 91.23
DB [43] 0.17 2.13× 90.34
KroneckerResNet26 0.14 2.69× 93.16

TA [42] 0.075 4.88× 88.0
DB [43] 0.075 4.88× 87.32
KroneckerResNet26 0.069 5.29× 91.28

Table 5.4: Top-1 accuracy measured on CIFAR-10 for the baseline model ResNet26 and
its compressed versions obtained using the KD-based methods; [42], [43], and the proposed
GKPD method.

23



Model Params (M) Compr. Top-1 (%)

ResNet50 25.6 1× 75.99

FSNet 13.9 2.0× 73.11
ThiNet 12.38 2.0× 71.01
KroneckerResNet50 12.0 2.13× 73.95

Table 5.5: Top-1 accuracy measured on ImageNet for the baseline model ResNet50 and
its compressed versions obtained using ThiNet [55], FSNet [47], and the proposed GKPD
method.

lists the top-1 accuracy for ResNet50 baseline and its compressed variation. We achieve a
compression rate of 2.13× with a 2% accuracy drop compared to the baseline model.

We also perform model compression using two state-of-the-art model compression meth-
ods; ThiNet [55] and FSNet [47]. ThiNet and FSNet are based on pruning and filter sharing
techniques, respectively. They both reportedly, lead to a good accuracy on large datasets.
Table 5.5 also lists the top-1 accuracy for ResNet50 compressed using these two methods.
As the table shows, our proposed method outperforms the other two techniques for a ∼2×
compression rate. Note that the performance obtained using our method is based on a ran-
dom initialization, while the compression achieved with ThiNet benefits from a pretrained
model. These results indicate that the proposed GKPD can lead to a high performance
even if a pretrained model is not available.

Model R̂ Params (M) FLOPs (M) Top-1 (%)

ResNet18 - 11.17 0.58 95.05

KroneckerResNet18

4 1.41 0.17 92.96
8 1.42 0.16 93.74
16 1.44 0.26 94.30
32 1.51 0.32 94.58

Table 5.6: Top-1 image classification accuracy of compressed ResNet18 on CIFAR-10,
where R̂ denotes the number of Kronecker products used in the GKPD of each layer.
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5.1.4 Experimental Analysis of Kronecker Rank

Using a higher Kronecker rank R̂ can increase the representation power of a network. This
is reflected by the ability of GKPD to better reconstruct weight tensors using a larger
number of Kronecker products in (3.11). In Table 5.6 we study the effect of using a larger

R̂ in Kronecker networks while keeping the overall number of parameters and FLOPs
constant. We find that using a larger R̂ does indeed improve performance.

5.2 Action Recognition

In this section we compare the proposed GKPD to other decomposition methods on com-
pression of an I3D-ResNet50, an action recognition model, on the HMDB-51 dataset. As
HMDB-51 is a relatively small dataset, it is common practice to pretrain on a large scale
datset prior to finetuning on the HMDB-51 dataset for optimal results. Therefore, in our
compression experiments we first pretrain I3D-ResNet50 on the Kinetics-400 dataset, then
fine-tune on the HMDB-51 dataset. Finally, we compress the model by decomposing its
convolution tensors and perform another stage of fine-tuning.

In this set of experiments, we opt to use the configuration selection strategy detailed
in Section 4.2. This leads to compressed action recognition models that do not sacrifice
latency, as reported in Table 5.7. Most notably, GKPD with the latency-focused configura-
tion strategy leads to efficient model compression with a runtime of 48 ms in comparison to
decomposition methods such as Tucker (246 ms) and TT (194 ms), on a single CPU. How-
ever, TT outperforms the other decomposition methods, including our proposed GKPD in
classification accuracy.

Model Params (M) CR CPU (ms) Top-1 Top-5

I3D-ResNet50 (baseline) 46.27 1.00 45 63.73 88.63

Tucker-I3D-ResNet50 39.30 1.18 246 50.00 81.31
TT-I3D-ResNet50 29.14 1.59 194 61.18 86.27
Kronecker-I3D-ResNet50 30.34 1.52 48 59.15 84.90

Table 5.7: Action classification accuracy of compressed I3d-ResNet50 on HMDB-51.
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5.3 Conclusion & Future Work

In this thesis, we propose GKPD, a generalization of Kronecker Product Decomposition
to multidimensional tensors for compression of deep CNNs. In the proposed GKPD, we
extend the nearest Kronecker product problem to the multidimensional setting and use
it for optimal initialization from a baseline model. We show that for a fixed number
of parameters, using a summation of Kronecker products can significantly increase the
representation power in comparison to a single Kronecker product. We use our approach
to compress a variety of CNN architectures and show the superiority of GKPD to some
state-of-the-art compression methods. GKPD can be combined with other compression
methods like quantization and knowledge distillation to further improve the compression-
accuracy trade-off. Designing new architectures that can benefit from a Kronecker product
representation is an area for future work.
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Appendix A

Theorem Proofs

Lemma 1. (Sum of squares preserving reshapings)
Let W ∈ IRw1×···×wN , A ∈ IRa1×···×aN and B ∈ IRb1×···×bN . Then,

min
{Ar},{Br}

∥∥∥∥∥∥W −
R̂∑

r=1

Ar ⊗ Br

∥∥∥∥∥∥
2

F

≡ min
{Ar},{Br}

∥∥∥∥∥∥RW (W )−
R̂∑

r=1

ra(Ar)rb(Br)
⊤

∥∥∥∥∥∥
2

F

(3.23)

where,

Vec : IRd1×···×dN → IRd1···dN (3.20 revisted)

Mat : IRd1×···×dN → IRd1×d2···dN (3.21 revisted)

Unfold : IRd1×···×dN → IRNp×d′1×···×d′N (3.19 revisted)

RW : IRd1×···×dN → IRNp×d′1···d′N (3.12 revisted)

ra : IR
d1×···×dN → IRd1···dN (3.13 revisted)

rb : IR
d1×···×dN → IRd1···dN (3.14 revisted)

36



are reshaping operations with di, d
′
i ∈ N and index mappings

IUnfold(i
(a), d(A), d(B)) ≜

[
P (u)c

]
p(i(a),d(A),d(B))

i(a) mod d(A)

 , (3.24)

IVec(i
(a), d(A)) ≜

[
P (v)c

]
p(i(a),d(A),d

(IA )
)
, (3.25)

IMat(i
(a), d(A)) ≜

 i
(a)
1

IVec(i
(a)
2: , d

(A)
2: )

 , (3.26)

(3.27)

where P (u) and P (v) denote permutation matrices, vector c contains an integer enumera-

tion starting at one and ending at
∏

i

[
d(A)

d(B)

]
i
, mod denotes an element-wise modulo oper-

ation, and

p(i(a), d(A), d(B)) = sum

⌊
i(a)

d(B)

⌋
×

 1

L
[d(A)

d(B)

]
2:

 (3.28)

with the multiplication, division and floor operations being element-wise.

Proof. Let W ′ = Unfold(W , d(B)), W = Mat(W ′), A′ = Unfold(A, d(IA )), a =
ra(A′) and b = rb(A′) such that

Wi(b) =W ′
i(b

′) =Wi(a) , aj(b) = Aj(a) , bk(b) = Bk(a) . (A.1)

with index mappings

i(b
′) = IUnfold(i

(a), d(W ), d(B)) =

[
P (u)c

]
p(i(a),d(W ),d(B))

i(a) mod d(B)

 (A.2)

i(b) = IMat(i
(b′) d(W ′), d(B)) =

 [
P (u)c

]
p(i(a),d(W ),d(B))[

P (v)c
]
p(i(a) mod d(B),d(B),d

(IB )
)

 (A.3)

j(b
′) = IUnfold(j

(a), d(A), d(IA )) =

[
P (u)c

]
p(j(a),d(A),d

(IA )
)

j(a) mod d(IA )

 (A.4)

j(b
)

= IVec(j
(b′), d(A′)) =

[
P (u)c

]
p(j(a),d(A),d

(IA )
)

(A.5)

k(b) = IVec(k
(a), d(B)) =

[
P (u)c

]
p(k(a),d(B),d

(IB )
)
. (A.6)
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It suffices to show that

i(b) =

j(b)

k(b)

 . (A.7)

Consider the first element
j(b) =

[
P (u)c

]
p(j(a),d(A),d

(IA )
)

(A.8)

with index

p(j(b
′), d(A′), d(IA′ )) = sum

⌊
j(b

′)

d(IA′ )

⌋
×

 1

L
[

d(A′)

d
(IA′ )

]
2:

 (A.9)

= sum

j(b
′) ×

 1

Ld
(A′)
2:

 (A.10)

= sum

[
P (u)c

]
p(j(a),d(A),d

(IA )
)

j(a) mod d(IA )

×
 1

Ld
(A′)
2:

 (A.11)

=
[
P (u)c

]
p(j(a),d(A),d

(IA )
)

(A.12)

where (A.12) holds as j(a) mod d(IA ) is a zero vector. The first element in i(B)[
P (u)c

]
p(i(a),d(W′),d(B))

(A.13)

is equivalent to (A.12) as

p(i(a), d(W ), d(B)) = sum

⌊
i(a)

d(B)

⌋
×

 1

L
[d(W )

d(B)

]
2:

 (A.14)

= sum

j(a) ×

 1

Ld
(A)
2:

 (A.15)

= p(j(a), d(A), d(IA )). (A.16)

Similarly, the second element in i(B)[
P (v)c

]
p(i(a) mod d(B),d(B),d

(IB )
)

(A.17)
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is equivalent to [
P (v)c

]
p(k(a),d(B),d

(IA )
)

(A.18)

because

p(i(a) mod d(A), d(B), d(IB )) = sum

⌊
i(a) mod d(B)

d(IB )

⌋
×

 1

L
[ d(B)

d
(IB )

]
2:

 (A.19)

= sum

i(a) mod d(B) ×

 1

Ld
(B)
2:

 (A.20)

= sum

k(a) ×

 1

Ld
(B)
2:

 (A.21)

= p(k(a), d(B), d(IA )) (A.22)

Theorem 1. (Optimality of GKPD)
Any tensor W ∈ IRw1×···×wN can be represented exactly as

W =
R∑

r=1

A ⊗ B (3.29)

where Ar ∈ IRa1×···×aN , Br ∈ IRb1×···×bN and R ∈ N

Proof. Using reshaping operations in eqs. (3.12)–(3.14), , we can re-write the reconstruction
error

ε(A, B) =

∥∥∥∥∥∥W −
R̂∑

r=1

Ar ⊗ Br

∥∥∥∥∥∥
2

F

, (A.23)

as

ε(A, B) =

∥∥∥∥∥∥RW (W )−
R̂∑

r=1

ra(Ar)rb(Br)
⊤

∥∥∥∥∥∥
2

F

(A.24)
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due to the sum-of-squares preserving propert of these reshaping operations. Minimization
of the reconstruction error in (A.24)is equivalent to solving a low-rank matrix approxima-
tion problem which has a well-known SVD-based solution. Therefore,

ε(A, B) =

∥∥∥∥∥∥RW (W )−
R̂∑

r=1

ra(Ar)rb(Br)
⊤

∥∥∥∥∥∥
2

F

(A.25)

≤
R∑

r=R̂+1

σ2
r(RW (W ) (A.26)

where R and σr denote is the rank and rth largest singular value of matrix RW (W respec-

tively. Choosing R̂ = R results in a zero reconstruction error.

Lemma 2. (Linear Projections with Kronecker factorized tensors) Given tensor W ∈
IRw1×···×wN and its GKPD factors A ∈ IRa1×···×aN , B ∈ IRb1×···×bN such that W = A ⊗ B.
Then, the multilinear map involving W can be written directly in terms of its factors as
follows:

W i1···iNX i1···iN = Aj1···jNBk1···kNX g(j1,k1)···g(jN ,kN ), (3.33)

where X ∈ IRd1×···×dN is an input tensor,

g(jn, kn) ≜ jnbn + kn, (3.34)

is a re-indexing function; and jn, kn are as defined in (3.8). The equality also holds for any
valid offsets to the input’s indices. That is,

W i1···iNX i1+o1, ··· , iN+oN = Aj1···jNBk1···kNX g(j1,k1)+o1, ··· , g(jN ,kN )+oN , (3.35)

where oi ∈ N.

Proof. By definition the terms in tensor W are given by

W i1···iN ≜ Aj1···jNBk1···kN (A.27)

where
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jn =

⌊
in
bn

⌋
, kn = inmodbn.

Since jn and kn decompose in into an integer quotient and a remainder term (with respect
to divisor bn), it follows that

g(jn, kn) ≜ jnbn + kn = in (A.28)

Therefore,

X i1+o1,··· ,iN+oN = X g(j1,k1)+o1, ··· , g(jN ,kN )+oN . (A.29)

Combining (A.27) and (A.29) completes the proof.
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Appendix B

Implementation Details

CIFAR-10 experiments were conducted using a two NVIDIA V100 GPUs with the
following training parameters:

• Epochs set to 200

• Batch size set to 128

• Learning rate initially set to 0.1 and reduced by a factor of 10× at iterations 100 and
150

• Optimization was done using Stochastic Gradient Descent with a weight decay of
0.0001 and momentum of 0.9

• Data augmentation was done by randomly flipping images horizontally throughout
training

• Input images standardized using dataset mean and standard deviation values

ImageNet experiments were conducted using a four NVIDIA V100 GPUs with the
following training parameters:

• Epochs set to 100

• Batch size set to 256

• Learning rate initially set to 0.1 and reduced by a factor of 10× at iterations 30, 60
and 90
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• Optimization was done using Stochastic Gradient Descent with a weight decay of
0.0001 and momentum of 0.9

• Data augmentation was done by randomly cropping 224×224 patches from 256×256
input images followed by randomly flipping them horizontally throughout training

• Input images were standardized using dataset mean and standard deviation values
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