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ABSTRACT

This is a further development of Vision Transformer Prun-
ing [36] via matrix decomposition. The purpose of the Vision
Transformer Pruning is to prune the dimension of the linear
projection of the dataset by learning their associated impor-
tance score in order to reduce the storage, run-time memory,
and computational demands. In this paper we further reduce
dimension and complexity of the linear projection by im-
plementing and comparing several matrix decomposition
methods while preserving the generated important features.
We end up selected the Singular Value Decomposition as
the method to achieve our goal by comparing the original
accuracy scores in the original Github repository and the ac-
curacy scores of using those matrix decomposition methods,
including Singular Value Decomposition, four versions of
QR Decomposition, and LU factorization.
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1 INTRODUCTION

Transformer [29] is widely used in Natural Language Processing
tasks[22], [24], [23] and now it has attracted much attention on
computer vision applications [3], [4], [10], [18], such as image
classification [7], [11], [28], object detection [2], [37], and image
segmentation [13], [30], [32]. However, most of the transformer
used in the set of computer vision tasks are highly storage, run-time
memory, and computational resource demanding. Convolutional
neural networks (CNNs) are also sharing the same issues. Developed
ways of addressing this issues in CNNs’ settings are including low-
rank decomposition [6], [15], [16], [35], [25], quantization [1], [9],
[20], [34], and network pruning [12], [5], [26], [27], [33].

Inspired by those methods, several methods has been developed
in the setting of vision transformer. Star-Transformer [8] changes
fully-connected structure to the star-shaped topology. There are
some methods focus on compressing and accelerating the trans-
former for the natural language processing tasks. With the emer-
gence of vision transformers such as ViT [7], PVT [31], and TNT
[11] an efficient transformer is urgently need for computer vision
applications. Vision Transformer Pruning (VTP) [36], inspired by
the pruning shceme in network slimming [17], has proposes an ap-
proach of pruning the vision transformer according to the learnable
important scores. We add the learning importance scores before the
components to be prune and sparsify them by training the network
with Ly regulation. The dimension with smaller importance scores
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Figure 1: Further prune Vision Transformer via Singular
Value Decomposition (SVD)

will be pruned and the compact network can be obtained. The (VTP)
method largely compresses and accelerates the original ViT models.
Inspired by the low-rank decomposition [6], [15], [16], [35], [25]
methods for compressing and accelerating CNNs, we proposed a
matrix decomposition method building up on the VTP to further
reduce the storage, run-time memory, and computational resource
demanding.

2 METHOD

In this section, we first review the key components of Vision Trans-
former (ViT) [7] and Vision Transformer Pruning according to
important features [36]. Then we introduce matrix decomposition
methods that is fit particularly for our case.
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2.1 Vision Transformer (ViT)

The ViT model includes fully connected layer, Multi-Head Self-
Attention(MHSA), linear transformer, Multi-Layer Perception, nor-
malization layer, activation function, and shortcut connection.

2.1.1  Fully connected layer. : A fully connected layer is used to
transform the input into characters that can be used in the next
step, i.e. MHSA. Specifically, it can be denoted as:

I — (Qr. K1, Vp).

The Input I € R is transformed to Query Q € R, and Value
V € R™4 yia fully-connected layers, where n is the number of
patches d in the embedded dimension.

2.1.2  MHSA. : The self-attention mechanism is utilized to model
the relationship between patches. It can be denoted as:

Attention(Qp, K1, Vi) = Soft LA
ention(Qr, K1, Vi) = Softmax .
Vd

2.1.3  Linear Transformer. : A linear transformer is used to trans-
form the output of MHSA. It can be denoted as:

Y = I+ four(Attention(Qr, K1, V7)),

where the details of normalization layer and activation function
are included in it.

2.1.4  Two-layer MLP. : Two feed forward MLP layers can be
denoted as:
Z =Y + MLP,(MLPy(Y)).

2.2 Vision Transformer Pruning

The approach of Vision Transformer Pruning is to preserve the
generated important features and remove the useless ones from the
components of linear projection.

The pruning process is depending on the score of feature im-
portance. We denote the matrix of feature importance scores is
Diag(a) € R™", where a € R? represents each feature importance
score. In order to enforce the sparsity of importance scores, we ap-
ply [; regularization on the importance scores a, which is denoted
as d, where d = Al|a||; and A is the sparsity hyper-parameter. And
optimize it by adding the training objective. We, therefore, obtain
the transformer with some important scores near zero. We rank
all the values of regularized importance scores in the transformer
and obtain a threshold 7 according to the predefined pruning rate.
With the threshold, we obtain the discrete a* € R™" score, which
is denoted as

o= 1ifa>r
“loifa<r.

The matrix X after applying the pruning processes, denoted by
X* = X Diag(a"),

and removing features with a zero score is transformed to X* €
R™*4_This pruning procedure is denoted as Prune(X).

2.3 Matrix Decomposition

We will introduce an experiential study of Matrix Decomposition
methods particularly applied in our case. And a comparison of
run-time complexity and the costs of those decomposition.
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2.3.1 Eigenvalue Value Decomposition (EVD) of X*. Note that
a matrix has an EVD if and only if the matrix is diagonalizable.
However, X* € R"™4_ When r # d, the X* has no EVD. So EVD has
limitations while applying in our cases.

2.3.2  Singular Value Decomposition (SVD) of X*. SVD is com-
puted not depending on the dimension of the matrix. SVD can be
applied to any matrix. Assume that X* € R™*" is the matrix after
we have done the pruning procedure. Then X* has a decomposition
that

X*=UzV
where the left singular vectors U € R™™ and right singular vectors
V € R™" are both unitary matrices, which means U*U = I,, =
UU* and V*V = I,, = VV*. 3 € R™" js a diagonal matrix of X* in
the sense that
o o { 0ifi#j
UT\R, ifi=j°

where the diagonal values are the set of singular values of the
matrix X*. This is the full SVD. We can also remove those singular
values that are equal to zero from the matrix, which means o;; = 0
for i € max{m, n}. Then we get the form of X* that

X* = U5V,

where Uy, 2,, and V, € R™" This is the condensed SVD. r is the
rank of matrix X*. The columns of U, forms an orthonormal basis
for the image of X*. The columns of V;- forms an orthonormal basis
for the coimage of X™.

2.3.3 QR Decomposition of X*. The QR decomposition method
can solve many problems on the SVD list. The QR decomposition
is cheaper to compute in the sense that there are direct algorithms
for computing QR and complete orthogonal decomposition in a
finite number of arithmetic steps. There are several versions of QR
decomposition.

e Full QR Decomposition of X*: For any matrix of X* € R™*",
where n # m, there exits an unitary matrix Q € R™*"™,
00 = QQ* = I, and an upper-triangular matrix R € R"™*",
where r;; = 0 whenever i > j, such that

X*:QR:Q[IEI].

In which, R; € R™" is an upper-triangular square matrix in
general. If X* has full column rank, which is rank(X*) = n
then Ry is non-singular.

Reduced QR Decomposition of X*: For any matrix of X* €
R™" where n # m, there exits an orthonormal matrix
Q € R™", Q701 = I, but Q1Q] # I, unless m = n and an
upper-triangular square matrix R € R™ ", such that

X* = O4R;.

In which, Qj is the first n columns of Q in previous Full QR
decomposition. Q = [Q1, Q2], where Q; € R™%(m=n) ig the
last m — n columns of Q. In fact, we can obtain reduced QR
decomposition of X* from the full QR decomposition of X*
by simply multiplying out

X* =QR=[01,02] [If)l] = Q1R + 020 = O1Ry.
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If X* has full column rank, which means rank(A) = n, then
R; is non-singular.

e Rank-Retaining QR Decomposition of X*: For matrix of X* €
R™ " where rank(X*) = r, there exists a permutation ma-
trix I € R™", a unitary matrix 9 € R™ ™, and a non-
singular, upper-triangular square matrix R; € R"™ ", such
that

X*H:Q[lf)l i]

In which, § € R"™("77) jg just some matrix with no special
properties. We can also write it as the form that

S

m’.
0

X* = QRHT — Q |:If)l

o Complete Orthogonal Decomposition of X*: For matrix of X* €
R™*" where rank(X*) = r, there exists an unitary matrix
Q € R™*™ an unitary matrix U € R™", and a non-singular,
lower-triangular square matrix L € R™ ", such that

X* =Q[I(; 8] U*.

3k
It can be obtained from a full QR decomposition of [?i] €
R™ 7 which has full column rank,
R Ry
1| =
525
where Z € R™ ™ in unitary and R; € R™" in non-singular,

upper-triangular square matrix. Observe the Rank-Retaining
QR Decomposition of X™* that

x*:g[il i]nng[l? 8}Z*HT:Q[€ g]U

5

2.3.4 LU Decomposition of X*. For unstructured matrix X, the
most common method is to obtain a decomposition X* = LU, where
L is lower triangular and U is upper triangular. LU decomposition
is a sequence of constant LU decomposition. We are not just inter-
ested in the final upper triangular matrix, we are also interested in
keeping track of all the elimination steps. We will omit this method,
because it is intuitively expensive to storage and keep track of the
complete L and U factors.

2.3.5 Cholesky Decomposition of X*. The Cholesky Decompo-
sition can be computed directly from the matrix equation A = RTR
where R is upper-triangular.

The matrix X* in our vision is dense, the Table 1 compares
the relative merits of normal equations, QR decomposition, and
SVD. By Table 1 and an experimental implementation. We finally
selected SVD as the method to further prune Vision Transformer.
As shown in Figure 1, we apply the SVD operation after each steps
of Dimension Pruning operation, which is after pruning operation
on all the MHSA and MLP blocks.

3 EXPERIMENTAL EVALUATION

In this section, we verify the effectiveness of the purposed methods
to further prune the Vision Transformer via Matrix Decomposition
on the CIFAR-10 dataset [14].
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Merits ‘ Evaluation

Accuracy | Normal Equation < QR Decomposition < SVD
Speed Normal Equation > QR Decomposition > SVD

Table 1: A comparison of the relative merits among Normal
Equations, QR Decomposition, and SVD.

3.1 Dataset

The CIFAR-10 dataset [14] is divided into five training batches and
one test batch, each with 10000 images. The test batch contains
exactly 1000 randomly-selected images from each class. The train-
ing batches contain the remaining images in random order, but
some training batches may contain more images from one class
than another. Between them, the training batches contain exactly
5000 images from each class.

3.1.1 CIFAR-10. The CIFAR-10 is labeled subsets of the 80 mil-
lion tiny images dataset. They were collected by Alex Krizhevsky,
Vinod Nair, and Geoffrey Hinton. The CIFAR-10 dataset consists of
60000 images in 10 classes, with 6000 images per class. There are
50000 training images and 10000 test images.

3.2 Implementation Details

We modified the code book! by adding Matrix Decomposition Meth-
ods we mentioned about into the places after doing the Vision
Transformer Pruning operation. Since the code book is using the
CIFAR-10, we do not modify other components of the code book.
Figure 2 shows the result of those implementation. We will discuss
it in the next section.

3.2.1 Baseline. We evaluate developed pruning method via ma-
trix decomposition on a popular vision transformer implementation.
In our experiments, a 12—layer transformer with 10 heads and 768
embedding dimensions is evaluated on CIFAR-10. For a fair com-
parison, we utilize the official implementation of CIFAR-10. On
the CIFAR-10, we take the released model of Vision Transformer
Pruning as the baseline. We fine-tune the model on the CIFAR-10
using batch size 64 for 30 epochs. The initial learning rate is set to
6.25 x 1077, Following Deit [28], we use AdamW [19] with cosine
learning rate decay strategy to train and fine-tune the models.

3.2.2 Training with Pruning. Based on the baseline model, we
train the vision transformer with /; regularization using different
sparse regularization rates. We select the optimal sparse regular-
ization rate (i.e. 0.0001) on CIFAR-10 and apply it on CIFAR-10.
The learning rate for training with sparsity is 6.25 X 10 — 6 and
the number of epochs is 100. The other training setting follows the
baseline model. After sparsity, we prune the transformer by setting
different pruning thresholds and the threshold is computed by the
predefined pruning rate. Which is very similar with the original
dataset.

3.2.3  Fine-tuning. We finetune the pruned transformer with the
same optimization setting as in training, except for removing the I
regularization.

Lhttps://github.com/Cydia2018/ViT-cifar10-pruning
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‘ VTP VTPSVD VTPQRD VTPLUD
ViT patch=2 80% 85.0% 71.1% 63.7%
ViT patch=4 80% 62.8% 68.3% 57.1%
ViT patch=8 30% 53.2% 53.5% 52.3%
CIFAR-10 93% 53.2% 53.5% 49.2%

Table 2: A comparison of accuracy score among Vision Trans-
former Pruning (VTP), Vision Transformer Pruning with Sin-
gular Value Decomposition (VITPSVD), Vision Transformer
Pruning with QR Decomposition (VITPQRD), and Vision
Transformer Pruning with LU Decomposition (VITPLUD)
with different patches.

3.3 Results and Analysis

In Figure 2 shows a result of comparison of accuracy after imple-
mented matrix decomposition methods, including SVD, QR decom-
position, and LU decomposition. It is easy to see that the SVD
performs pretty well comparing with the other two matrix decom-
position methods including QR decomposition, and LU decomposi-
tion. By experience, the computation is not time consuming. The
times of computation is nearly the same except the LU factorization.
However, while comparing VIPSVD and VTP, the accuracy score
of VTPSVD is not lower than the original VTP. which means that
we need to further modify and develop our mathod to achieve a
better performance in our case.

4 CONCLUSION

In this paper, we build up on and further develop the method of
Vision Transformer Pruning by adding a matrix decomposition
operation to meet the same goal of reduce the storage, run-time
memory, and computational demands. The experiments conducted
on CIFAR-10 demonstrate that the pruning with Singular Value
Decomposition method can largely reduce the computation costs
and storage while maintaining a comparingly high accuracy with
some patches. However, this method needs to be further develop to
obtain a much robust optimal performance.

5 FUTURE WORK

There are several future works that I am planning to do:

o Test the method on other datasets, i.e. ImageNet [21], which
is the one used in the original Vision Transformer Pruning
[36].

o Further develop and fine-tune this method.
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