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Beyond Filters: Compact Feature Map for Portable Deep Model

ICML2017
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Dimensionality
Reduction

New Feature Map 7 ()  Input X

CNN Layer Reconstruction ‘ Save memory/computation resource
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X € RIXWxc X = [vec(Xy), ...,vec(X,)] € REWXc
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Yy € RH'*W'xd Y = [vec(Yy), ..., vec(Y,;)] € RH W'xd

picture

Y =XTF

MOdel By YJango input

* Feature maps from different filters should be independent of each other as far as possible

oY) =lYTY o (1 — DIIZ

Y =¢(Y) =YPT P e R*4js the projection matrix
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rginlIPYTYPT — C||4,s.t. C = diag(c)
,C

An optimal projection should thus not only remove redundancy between feature maps, but also
preserve the discriminability of these features.

rgiCnllPYTYPT - CHIZ*" + ’1”D(7) - D(Y)” D;; is the Euclidean distance between the
| s.t.Y =YPT C = diag(c) i-th column and the j-th column of Y

Distances between feature maps can be easily preserved if P is orthogonal, i.e. PPT =

lys P12 = llyallz 1y2PT = 2P 113 = llyy — vall3
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rginllPYTYPT — C||% s.t.C = diag(c), PPT =1
C

The orthogonal transformation P learned is able to extract the intrinsic representation

and preserve distances between feature maps, but the dimensionality has not been
reduced since P is a square matrix.

Propose to use a sparse matrix to approximate the representation generated by P.

minl] 7 Y272+ 2071, 171, = D" 7] 7t is the i-th column in 7

Pi — Wui if 2 <|lull u; = YP/ Robust Subspace Segmentation by Low-
Rank Representation(ICML2010)

0 otherwise
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rg,icnllPYTYPT = Cliz + Bllcll; Some small valued columns in Y = YPT u'n
s.t.C = diag(c), PPT =1 will be discarded.
DgiCnHPYTYPT—Cllfr+06||PPT—1||12:+5||C||1 B2 Pa - D3oP2 |
| s.t.P = circ(p), C = diag(c) P2 P1 Pd P3
circ(p) := f po P :
p =P - Pa) D S
Pa  Pd—1 --- P2 D1

..., circulant matrices have complex internal structures and
strong diversity thus can be utilized for approximating huge
matrices

An exploration of parameter redundancy in deep networks with circulant projections(CVPR2015)
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rginllPYTYPT — Cl|2 + a||PPT = I||2 + BlIc]l4
,C
s.t.P = circ(p), C = diag(c)

Solve c for a fixed projection P

nI}inllPYTYPT —C|lz + Bllclly
,C

¢ = diag(PYTYPT)
s.t.C = diag(c)

minflé — cl3 + Bllcl, ¢ = sign(é) o max{lé| - B/2,0} 2 1.4

Solve P for a fixed projection c
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A+B=C(a+b)

LN-1 L0 L1

X — C(x) — | TN—2 <IN-1 I
A-B=C(F '(F(a)®F(b)))
| L1 L2 L3
X' = F - diag (F*(x)) - FX X' =F.diag(F(x))" - F"

F(Xy) = F (%) © F(y)

LN-1
LN—2
LN-3
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mPinIIPYTYPT — C||% + al||PPT —I]|2%
s.t. P = circ(p)

Since P and its relevant terms can be efficient calculated in the frequency domain, transfer
the into the Fourier domain for having a higher training speed.

. _ o AEES WS (FE2hT)
min L(P) =L;(P)+ aL,(P),s.t.P = circ(p) 3. 45 24
oL, (P 4 o .4 . s
011(9 ) = 4HPPTHP — 4HPC = ﬁHSH PPTSHSHPS — EHSH PSHC P = diag(p)
0L (P) 1 .9L.(P) Y (APPYEP — APC)  —) OLilP) _ igg (9l
5 == 75 ap SH = ﬁ(HPPHHP — HPC) 7 diag | —5



1 . 1
Ly(P) = IIPPT = Il = || = S"PHPS — = S™IS||%

min||[PYTYPT — C||% + a||[PP" = I|I% + Bllclly 1 o
P,c =TI‘[ESH(PHP—I)H(PHP—I)S]

s.t.P = circ(p), C = diag(c)

=Tr[(P#P - 1)"(PHP —1)| = lIp" = p — 1113

0L, (P) 0L, (P) = 0L,(P)
= 4(pp™ o Dp — 4P Hh=p— +
37 (DD o Dp — 4p p=D n( 5 T oy
1. s
P = Edlag(c)S PS ¢; = 0,if ¢; = 0and ¢; = 1 otherwise

= 7 T T
Y =YP; —XTFPa = XTF



CNN Layer Reconstruction

min||7 — X7F|| + |7

1

F= (X" +y1) XY
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L(F)=Tr(FTXTXF) — 2Tr(FTX"Y) + yTr(FTF)

Bz K HINEAE Y map M2j

sigmoid (sum(Mij*Kij)+bias)
| |
—




Speed-up ratio
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(a) Accuracy of the reconstructed model.
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(b) Model accuracy after fine-tuning.  (¢) Compression and speed-up ratios.



Table 1. Compression statistics for AlexNet.

Table 2. Compression statistics for VGG-16 Net.

Layer Memory Te Mult. s
conv|1 [.24MB | 2.4x | 1.05x10° | 2.4x
conv2 || 1.88MB | 10.0x | 2.23x10° | 15.4x
conv3d || 3.62MB | 15.5x | 1.49x10° | 21.2x
convd || 278MB | 3.0x | 1.12x10° | 3.6x
conv> .85MB | 1.2x | 0.74x10° | 1.2x
fc6 144MB | 3.5x | 0.37x10% | 3.5x
fc7 64.02MB | 72.0x | 0.16x10° | 72.1x
fc8 15.63MB | 23.4x | 0.04x10° | 23.5x
Total || 235.03MB | 5.06x | 7.24x10° | 4.31x

Layer Memory Te Mult. Te
convl_l 1226MB | 10.7x | 0.11x10” 10.7
convl_2 12.39MB 1.8 2.41x10° 19.0x
conv2_l 6.41MB 3.3 1.20x10° 5.7
conv2_2 6.69MB 4.0x 2.41x10° 12.0x
conv3_l 4.19MB 1.2% 1.20x 10° 21.9x
conv3_2 5.31MB 2.7 2.41x10° 10.2x
conv3_3 5.31MB 2.9x 2.41x10° 4.2 %
conv4_1l 6.03MB 41.3x 1.20x10° 56.2x
conv4_2 10.53MB 16.5x 2.41x10° 70.1 x
conv4_3 10.53MB 3.9x 2.41x10° 5.1x
convs_1 9.38MB 7.8 % 0.60x10° 8.0x
convy_2 0.38MB 18.5% 0.60x10° 21.3x%
conv5_3 9.38MB 23.4 % 0.60x10° 26.7x

fco 392MB 8.6 0.41x10° 8.6
fc7 64MB 3.3 0.16x10% 3.3%
fc8 15.62MB 2.2% 0.41x107 2.2%
Total 579.46MB | 6.19x | 2.04 x 10Y | 9.63x
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Multiplication
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Compressed E— Original :
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Layer
(b) Compression ratio of feature maps of convolutional layers (rc,).
I Compresséd I Original I: '
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Layer

(¢) Speed-up ratio of all convolutional layers (7).
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Input: A pre-trained convolutional neural network N learned

through a dataset X’ with & convolutional layers: L1, ..., Lk,
weight parameter -, learning rate 7).

. Calculate feature maps of each layer by using the original

network: {Y1... Y5} «— N(X);

@

for:.=1tok — 1do
Learn the projection P; by solving Fcn. 9;

Calculate new feature maps: Y, + Y PT

8:
0:
10:
11:
12:

13:
14:
15:

AR P

end for
Keep feature maps of the £-th layer: Y. Yi:

Construct a new network N according to {Y71,...Y}} and

initialize convolution filters {F1 F;c} by random values
from the standard normal distribution;
repeat
Randomly select a batch X; from AX;
for: =1tokdo - -
Generate input data X; of £; exploiting N
Estimate the new filter matrix (Fcn. 20):
F, « F; — noL(F;)/0F;;
Convert F; into filter data and fill it in AV
end for
until Convergence;

Output: The new convolutional neural network .
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It is worth mentioning that input data of the first
layer of the original network N and feature map of
the last layer (closely related to the number of
classification labels) are kept unchanged.

As for other intermediate convolutional
layers and fully connected layers, we can
generate compact feature maps Y from the
original feature maps Y.

Then, calculate the input data X using the
compressed network N and estimate the filter
matrix N.
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