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HE

MTAER AR TE A, EE IR PR A 2 X 28 ) Tl ) 4 e A5 TR A A I 4 AR S 1 LR Y
R, B4 RN UG 4 BT ) LKAV I BRI FE )7 [ 2 — . F& T CNN F1 RNN H &%
JE48 H g as 2 A5 1 1R 2 00T A mE H Bl 4fd#s (JPEG. JPEG 2000, BPG.
WebP %5) HITERE. N 1 ALE EHR R4 R 5 R H R Z M KR &R, WA BT FCRIZE Rl 7%
X gt EEAL J5 B A5 BTl T, FRRICAE DAL I B B oR b SR AE B A IS 4
AR . MASCEIT 7 AYMIZE SRS ERRET, 51N ADMM 503% (Alterna-
ting Direction Method of Multipliers) H#% &K RZE U LERZE ST, R
515 B gt a5 A UL R A i R I OO U 32, 3 T bdR i 7 CAE-ADMM #
B (ADMM-pruned Compressive AutoEncoder). SZ3% 8, CAE-ADMM {E KB E 4 i &=
MEAEAR F 8 7 B B BUR 48 570

KEBIR—AMEME 48, REE2], BYmigas, e, BT,
Abstract

We introduce ADMM-pruned Compressive AutoEncoder (CAE-ADMM) that uses Al-
ternative Direction Method of Multipliers (ADMM) to optimize the trade-off between dis-
tortion and efficiency of lossy image compression. Specifically, ADMM in our method is to
promote sparsity to implicitly optimize the bitrate, different from entropy estimators used
in the previous research. The experiments on public datasets show that our method outper-
forms the original CAE and some traditional codecs in terms of SSIM/MS-SSIM metrics,

at reasonable inference speed.

Index Terms—autoencoder, lossy image compression, neural network pruning, bitrate

optimization
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1 5|8

H Theis & AN$EH R L6 B 4ahd 28 CAE (Compressive AutoEncoder)[1] 2 J5, H
2 T 2 A SRy — e 7 B v 2850 ) o 20 ) g A Y AE A 401 PRV e 4 SUSUIAS: 1 AR K R e Dy BT
CNN MBS0 H gt as— 2 A 2] 7L JPEG. JPEG 2000 S-St RIR L 46 5
15 2] DL ET RNN [R5 775 ROR [3][4]. Mentzer 58 NTE A E5IN T 3D-
CNN bR, B 48 1 9 i 45 1 PE RE R | Tk 2 i & K 48 5509%: BPG[5).
WL T IR P R 22 1 2% (1) UG e A AN R AR G R R 4 505, se% B 1% I s ER
AR LA S I Pirodi 5 R R 4 7 200 1E R S 1) v 1 o I P Ao G s 81 B o ) T 4 6

KU 46 H gfidas CAE, JRENGmGES £ MiDas D, IRl A2 mT LUy — AN
ARTRI R, RO R 2 38 DA S B i B SRR B8R B /I o A 450 G s 4 T Wi A R L3R DA%
R4 22 (AU ) R, DRI AT DLRE SR AR A e @ik oy«

%17%1 d+ BR,

Hrp d o EMERSEEIGZ MR ZER, R FoREURRMGHREL 1 6 > 0 W] Lk
PN BRI 2R 22 1) F) 4

R TRAX AN A, 100 R 11 3 R 2B BIVR 22 R, HG rh i g B B — AN S AT R AE R
P ELRF L R DA ROBIE FERT U R R A5 THI 5% KPR M5 18, CEMmMSIEER H
WUMEN R B— DA BRAL, TRJATAT LIS —Miflihd, H Tl 2 2405
MrfEER 7, 5 H B R, BIUAUES AN min d+ fH. EZX— @S, AR
W MR T GSM (Gaussian Scale Mixtures)[1]. 3D-CNN b R CHA [5] 776X H
BEAT AL IRTTRXAERI XS R WA A B ANER, Mo B ZHON NG 4%
BN EIHRKE .

R ASCE X R Bifeil, $#EHFIH ADMM (Alternating Direction Method of Multi-
pliers) HiEX CAE HIRRZ#ATEIR. CnE1 ), BIERZREVDS R, #8717 #Ab Ik
BT REORRET, JFREIE ISR, SR, BRI, EARHXT CAE #HATUIZR (R
b d) MEgk (i R), BEXFIHIRER. M H, ADMM %A —BIRE
PR 28 BEAT BT R ) P AT 1A AT BV RE [6](7]. R TR, AR T CAE-ADMM
(Compressive AutoEncoder with Pruning) #%8. I T IA K CAE #&8Y, AR B
RERERERE, B AZHER /N, L, RATPEAAE MS-SSIM (Multi-scale
Structural Similarity Index)[8]. SSIM[9] &&4845 N @M 7 IA 1Y EMG E 48 H%



ﬂf—» Encoder

[ S Encoder Decoder

2 MHEXMR

M R B Ao 22 P 5 BEAT A I MR R 4 10 7 vk, AR SR AT seh, BRI S5 R I 5
BT TR H AT TR R 4 (O 2 P 28 S5 K T B A R4 B Z g4 CAE
gE9 [10][1)[11][12][13] PAKIE FHEHAARLE 4% RNN BI458) [3][4]. BEISHhen N4 5 vk i
PItE d + BR NBEFR, KA MSE (Mean-Squared Error). SSIM. MS-SSIM Z5f845 R AE
d, ANl TE 88T B R URAE Ro & W T35 A A2 iU [11). GSMI1],
R R [5) 55, HARRIH T AR R e e 2 M gg iR IE S AR U PR R
[14]. GDN (Generalized Divisive Normalization)[11] %%,

AR FCRETT 1 I WAl R EBOUTE, B R SOV B R8I . X
MBTRTTER B T 2 46 R A8 SUSBT 00 a3 K o T SRR IR BR 1), feh 22 X 46 75 52 B
NI A B — R AL TR 28R, DUl i S SR ZR R e . BT B 20 2ot )
muhky . WM SEE . PR )7 — B DR 2 1 8:m ) iZ H R E B
Foo Forh— A B A R T VA2 D Han 55 AT 2015 4F B RIR H IBTROT 7% [15]). X
T3 B AN B 9 4 o AN BB RO R AT Bk, AT A2 B O SR A IR 28 2 o I
FBIXFER, 2PN BT IR AR AT Tk, RS ARG I 48 T 4 RCR
[16][17][18][19][20]. Zhang 5 AT~ 2018 FFEXTHLIEBIR T7 k42 tH T 5T ADMM (B iR R



CAR R GBIk T 1% [7](6], JFAE ImageNet H#a 5 & MNIST ##a 5 LYk 3] 1 H iy i f
PRI 2% TR AR R o FLAR AR 22 X 2% S R 1 iR IS AR oAb 52 3] [21) RSN [22] &¢

W
L

3 CAE-ADMM #&#I

ARG RS H gDy CAE =70 H. Midd E. @ihas D MElLds

E:R" - R™,
D:R™ = R",
Q:R—Z.

i ds B CEAEGEEE x By —HRAPERSEN z = E(x). B4 Q 8%
oz R Z, IR 2R e R S g0 B AL R Y 2, = Q(z,). B3, WS4 D W&
WIE KIS z Tl EA RGN EE x = D(2).

NTEEMH R x 5EGEE x RATREREIT, RIS AT ReR N i i LA 8 R,
AT ZEfgE e DL A 1)«

min d(x, %) + R(2). (1

~—

TR, JMamimisds £ idas D Bibds Q Wik, (1) ANprd el
T, DA S el B R EE H CAE-ADMM BERY 5 ] AT VEQH BT 18

3.1 “mi93F E AHRALER D

5 Theis Z A& H I CAE FHLL [1], RATRAGIRMHE ML CNN[23]) 1E D4 E.
fRtDas D RIEERE, AR —HAERR E i g . Dy 18 G0 0 2% R S B iy SR AR B )t
FAVE B Z= e [24] 1E 1% B g & B LA BT, AT PRAIE 2 1) A% 4% B LR TR AN 7 A A
FEHRAF . et ey B MRS es D S HEABREXIFR, XAET WSS E +, &
MUZE B hHRE 7 R TAE: MAEMSE D B, FATNE ZX 288N R sk 2 H
ZHRATEAE, SO/ EIE R RSPk E, BLSE R FRFEI AR, X — PR AT AR
Shi %8 A [25] $#2H 1 sub-pixel convolutional layer. Zit, FATHE L T AR ZEHN T4
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Momtsas £ Mfgidds D, @@ amilgs, eTm LA R0 ) B BRI ER R E
z, IS NEER 2 P E A HER x.

EAEERE, HTHwWEE E HERME NS, Kitkgmidas £ e 81 2 5
SE e —HEHMER (feature map){z;}. Matthew & A [26] X & E T TAAL B 5L 3R B, &
RS 7 AL R AIE B S B Sk 1 P 2850 1 BB AE IR o BRI I O JRATTR £ 715 3.3
PHSHIEE X 2 FIRCRIUE R W7 VEIRME T IR EHARRE: AR R BT ROD BRaa Al 2 L) 25
E Y7 H BN ECHRE, OR B VRO ARAIE, AT A BLE ] B4 2R LA UM LN K
TEOL TS AT RERVN R ITH .

3.2 ENU=:TEQ

BAE Q WMIETTNAIRZE, 1R ] REMLR /N SR BER T FE I ORUE S Y i v, 3R
IRHA] Theis <5 [1] 42 RIBEHLEAL T 1%, 12057755 Toderici 55\ [3] FrKHIHIBEHL — (&
WIRER &, REEE Q %X N:

Hrb e e {0, 1} #hl2 1R Lk Zm R, HIE e=1 MR Ple=1) =2, — |z].
T Bk Q JRAER T o3, RGeS m AL RN, FRATTH B0 S0 52 b P AR LB
JZ:
Q) = 5 E(Qm)) = gz = 1
X B Q MAFIRATIE I A& 3 I ] LR S B B TE S g . 72
PyTorch LR, FRAVERT LA torch.no grad() K& 1HHE T,

3.3 5IN ADMM B ARNREEFF R L 0]

75 (1) SRR A i @, BATH ZIEFEEER d(x, %) Tl R(2) WERRENR. d(x, %)
O EH MSE[1]. MS-SSIM|[5] Z&fabnfi i KGR 53 MAEMATKIB Y, R(z) AR
HBSMINGRE ST 20007, FIH 2 MEEME H(z) kG, B R(2) = H(2).

R A A TR EAAN N R AL TS, BONEBL, W HX R RN B S
SPIXA T, BATAT LR EHRR (1) KPR i@, gk, WATTUMNE R(2):

R(z) = card(z) = card(z) = card(E(x)),
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Horr card(-) Fon HAETHM A E. R A 1A ELA B 1 R A RO 2 2 AEF A HUNT455
THRAEE 0, WA FTAT R ERNHIDE E MY — M ELES S = {F | card(E(x)) <
0}, T (1) APTIR AL ) AT DAt — P 3R

Igi[r)l d(x, %),

s.t. £ €8S.
AT DA E LS BRI RR AL g(-) SRk E FiRdEM LA ]
wip d(x,%) + g(E ().
Hrrg() LR

S(B0) ::{ 0 if card(E(x)) < ¢,

+00 otherwise.

NT R AS R, AT LAR T ADMM Hik [27]. W H 24 LR BN E N
ADMM =] DLf# s I 2K
min d(x, %) + 9(2),

s.t. B(x) —Z=0.

ADMM FEGIAFHEALE U PURIETIE T p > 0, FHREXAIUA iR @73 g 9 PiAS1- 1],
HIEAHEIIZ A TR, BB [27]. 55— A R -

. - P _ 7k k|2
min d(x, ) + 5| B(x) - Z° + U,

Horft kIR |- | N Frobenius W%0. %F W BHEY 0L d(x, %) HALHHERE
BT T Ly EAKTA, BT A LU AR 25 5 b R W e, 5 A TR

min g(Z) + 2| B (x) - Z + U*|3.
Boyd %8\ [27] S tH 7% i@

Zk-i-l — HS(Ek-‘rl (X) + Uk>,



Hrh s A S EMBJLEAHRE . —Bekivt, tHEIENSE ERRO L RSB 2 IR IR AER .
{H/& Boyd N [27) WEBA T, 7 S = {F | card(E(x)) < (}. BIRFIRGEM T, bk ia) @ g
R IR EF(x) + U iKW ¢ 01, PR RIS E AT . Ra, FATHE LT E
FruHhAE U

Uk-‘rl — Uk + Ek—i—l (X) . Zk+1.

FIR=BMAT ADMM SR — k. BAFIH ADMM FiEfoe (1) Xk i
i) @R R Algorithm 1 BN o

Algorithm 1 Pruning of E(x) Based on ADMM
Input:

x: A batch of input images;

E, D: The encoder and decoder;

¢: The expected number of non-zero elements in F(x);

k,,: Max number of iterations.

Output:

E, D: Trained encoder and decoder;

U, Z < zeroes with the same shape as F(x)

for 1 <k <k, do
E.D < argming p d(x,X)+ §||E(x) — Z+ U||%;
Z < keep the ( largest elements in E(x) + U and set the rest to 0;
U<«U+Ex) —-Z.

end for

return FE. D

ERERERRE, FREET ADMM BB EEIFARIRIE B(x) m&NFINTET ¢
MEFTLER. EREERS, B(x) PRI Z R SWNEZIEE, A AZ. Fik
£ ADMM ERERE, BITFEME B(x) PR ABRKRITEER, HEEATRENE,
Bsi| By BRI R n R . A T kX — B s BT RO B A EUR B, AT 7R AL IR FFIX
BTN SRR AT B ISR, EZ RS ming p d(x, %) BEHTHRAL.



Pruning

|

Training MABIVIY Quantizer

. 5
X

|

Retraining

K 2: CAE-ADMM # R Il 213605 . Htp Encoder A1 Decoder SR 3ET CNN 5k %
b, Code NI HIEAE )G9 . ADMM JIlghitfEr, Hafattid s, ADMM
FEAE B/ MEE R R BRI FER X z BIA, B MBI . ADMM JIZRg5 W 5, HBEf
UGBS, Xz RRIE T U EBIBI R, R E IR

3.4 HE#RK

WHTIL TR KN mH Ak, JAMESS] 75T ADMM B B 48 5 Zwid
#+ CAE-ADMM (Compressive AutoEncoder with Pruning), ‘& FZEANEE# UL A s 1E 7
BI2HT7R o

JRIG KR x 20 BB Z R B g id & £ i, B —H AL RIER 2. £
ADMM IZBrE, BEMaEmigiEss, K z 284S Q BG83 2, AR
HEPRREIM RS2 D, fEfsds D A S HER x, ADMM ks Mb
HIRAE d(x,x), Xz BI, B HMEL. ADMM B4R G, SREImge
W, @It E, SENENZM B BT ADMM SiEFFARRRIE 2z FAURIR /N T
LT OAERETR, RepfifocRiEr T%, FHEXY z hHiEoR b8k,



RS Q BME, [RIRAMIILI, IR ILRE MM FLLS D+, SREMN
K& x. 9 1o il B BR ELA MR A2, et i S I ZRE A FH AL ming p d(x,%).
W SR BIk. EINZRAP BRI E ISR, 7T A 2[RI B A e B S o DA s [ 4
UG D . XA R A ST H 1) CAE-ADMM 57 (R 5 A B LA RN 25TV

3.5 CAE-ADMM 5MBEEHHESR

YA PR 30 R FH PO R0 A 128 1 vk, Xt 2 B4 B i AT A, IHMER— &
FIEAL, I H BT R. Theis A [1] IZR 7 —41 GSM KAhiit H, T Mentzer
N [5) W2 BRSO R R, SRAARAL 3D-CNN [¥132 XU 7 ik R e fifr H .

A SCHE H Y CAE-ADMM MR 3 T X P 7%, 23] ADMM BIETEMZ W 245 24
BRI RN S A, BRI ADMM BT z BikL, e Homsmitk, M Bl
R #ATAL . EAERERE, BHTHRESE ERERMEML, Fm z &5 BRI — 4%
fEE, TRXFERBIEINERIR T T HRE RIS S, R gm A% 28 Il 57 EE B 28R
R IRFE, P53 MG b 38 S RR A, AT i 885 70 388 K 48 6 1) 3 A o 5 2 b 1
BRHIE

4 SCIG

4.1 R

5 Theis 2 NFIBAY [1) AL, CAE-ADMM H#T CNN RIBRZHR gD 35 . fEh
A, BN, JRIER E A 3 TR, BB S RS, #t)H—1k BN
JZH PReLU S RE; B2 FRA T 15 2 Bottleneck #ZEHe, H & kEM )5 1i%EE: BN
JZF1 PReLU; e H&itmZ R, 53 z.

BT REISEMARET 2, EMIBBOBEM/NTS20ER, BEN 1.

EAE Mgt NS 2%, DS M SmIDaR A E . R E Ed W E LG
1 Sub-Pix 2, FEAEHEM. BN E. PixelShuffle /1 PReLU #uf k% R4 15 2
Bottleneck 7% ZEH, WIS miBasHIMEE; & HLIEHEZE LS Sub-Pix &, &
JE B Tanh ¥OEEREG MBS ERHIE (—1,1) 20, HSaHHEEmE = (0,1) 2.
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Bottleneck

BatchNorm
BatchNorm
BatchNorm

Quantizer

awes AU0D [9xid gns
umoq AU0D [8XId qns

UMOQ AUOD [9X1d qns

>osusmog - >osusmog

aWes AU0D [9XId gns

Lo
—
X

umoq Auo0D [9X1d gns

32 64 128

aWes AU0D [axid gns

||||||||||||||

N

Conv Down

Conv Same

Conv 3/1p1
BatchNorm
" SubPixel
PixelShuffle

mm————————
mm————————

ﬁ‘l{(y‘j Sy
B ).

I

=

NN E X ks

11

“Conv k/spP” Rn BRI K
FZ, “Conv Down” 7~ 7 Al

1.

& 3: CAE-ADMM [1 V40 45 70 4
HKH KN P 8% Padding 1%



4.2 BFrEEE d Bk

H A8 I d BB 45 MSE[1]. MS-SSIM([5] £8 . FAIZR 7 2 Fikit)s, Se&kiki®
d(x,%) = 100- (1 —MS-SSIM(x, %)) +100- (1 —SSIM(x, X))+ (45— PSNR(x, X)) + MSE(x, %) -
P A 1R85 DA R B AR R d )2k

4.3 FRENIZ

BATHF Adam[28] 1E NE1LEE, Batch Size & A 32, XF/NT73.38 ADMM ft4L1H
R — AT . FIRREIREE N 4-107%, HHEENSGIHEIEZWR: HHP 10
A~ Epoch PR BB T %, 2 RWF. B— Epoch &7 Warm-Up, 1X{EH
MSE 1E8 B ¥, LAk MS-SSIM FEFR7E I Zrw) i mT 5 I R {8 . Weight Decay
WEN—ANE/ME 110710, 43¢ 20 4 Epoch, ATk ADMM EHERE =, =
&, BB RRE TR B EN 10%. SHTFRE bpp A, BAME DO 65 28 (1) i
Ji— B MDA R — E 45K, 31T fine-tune. FTAACASTE PyTorch HEZE T SEEL,
AMEAIAE 4 Ht NVIDIA GeForce GTX 1080Ti GPU FEIHATHIIZ T 300 4 Epoch, FAE
GitHub EFFJET.

4.4 HIREREHMALIE

FATiE ¥ BSDS500[29] FENIZREARLE, W E 500 5K 481 x 321 1B Ao BEXHI AW 45
I P 1 o e BE ML BT i — B 128 x 128 K/ Crop, BEHLEEAT/K TR ELllHe, B )m
R (0, 1) X FIRASE, FATTR A FER 4 s Py J (X A28 58 Kodak PhotoCD?,
18 24 5K 768 x 512 MR A .

4.5 SKWHERKITIE

KlafErs 1 ARITIRAE Kodak Ml ERSFIEIRIL, EURE R 5T 77 H] SSIM. MS-
SSIM KAE, A BOR A AR 2 LA H bpp RAE. SSIM. MS-SSIM [ THHR A 1 FFR
KIS, HAOTERBIEICE Theis S AR [1]. T8 bpp BAFITTER AR,

Thttps://github.com/JasonZHM /CAE-ADMM

2http://rOk.us/graphics/kodak/
3https://github.com/jorge-pessoa/pytorch-msssim
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ANFEF AT S IR R bpp YEH [0, 3], FATEE 7 BARK bpp JEH [0,1], HI LI
JEIIA R EZ B ZS . BAR T BE I, Br 7 AERAR bpp BRI I8 SSIM g bx
T IEEINKZ A, BATRITTETE SSIM. MS-SSIM # /M5 R T RIS T 3UA 177
%, JCHRBASEERIXT G CAE. [HEAERERE, EIPELZsM Toderici 8 ANHIJT
RN RS TEES, MR T RNN 388, 1m3RATRI 7 VETE AR FH 3SR 7 i 8 AU
flivhas e, UG BT E R, AIIER] 7 BA TR 5 AR BB A A Rk .

Toderici et al. === |PEG == JPEG 2000 == CAE ( Theis at al.) s CAE-ADMM ( Ours )

1.00 1.00
0.95 - v
Y2 @ 0.96 A
© ©
0.90 - o
° v
Q 0.85 1 c 0927
c o
O 0.50 =
= o088
= 0
o 0.75 wn
2 W 0.841
0.70 4 =
0.65 ! ! ! ! ! ! 0.80 ! ! ! ! ! ! ! !
0.000 0167 0333 0500 0.667 0.833 1.000 0.000 0.125 0.250 0.375 0.500 0.625 0.750 0.875 1.000
bpp bpp

Kl 4: ARITTEAE Kodak MR FRIRIL, 70mlH SSIM. MS-SSIM FRAE (¥ 4R 1
BRUF), E4EFEA bpp CRAAR R LR FAE. H, Toderici et al. f#H RNN 4
4, FEARMAMEM TS CAE (Theis et al.) KA #; CAE-ADMM (Ours) # 8§
BT E AUl Th 2%

P62 AR VRS2 PR R 48 00R I, A2 BRI, AN EA I 7% CAE-
ADMM, % b JPEG, XH libjpeg 5284, 45 F4& JPEG 2000, KH Kakadu fSZHL5.
7£ bpp 0.3 ME4EE T, BATATUAE H JPEG C&L B 7™ E KR & &, JPEG 2000
CAE-ADMM RIUNARFE . HFAMEE G LTI =EIXE, ATUIEH CAE-ADMM Lt
JPEG 2000 U E R JR K, ETEMT. 76 bpp 0.5 HIER T, =HBHERIEE, KA
B ™ B ) ) . CAE-ADMM [KIEIFia L JPEG AT JPEG 2000 F 2 5 A,  HAham

4http://libjpeg.sourceforge.net /
Shttp://kakadusoftware.com/
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Before Pruning After Pruning

5: BURCHTJR AL B P AR W R g S T rT AL, JRIEHRON kodim21, BIEIG(a). 4 1 TEMT,
HAREITR CHR R

Model bpp ratio of zeros

Before pruning 1.684 £ 0.012  7.80% =+ 3.44%
After pruning  1.257+0.011 17.65% + 4.90%

% 1. BURRTJE I bpp AR 2 HEIFTTRI LGS B ER AR E Edtiratit, Jf
LT 95% BEASX A

THRAEMKER. BMKE, CAE-ADMM 7EEAR LR PR gr, HIE4ERMEA
A AR R BT JPEG. JPEG2000-

FAVEREAT T Ablation Study, HMAFFT ADMM B R SyATERA g (G 3. 3-A
FAAB R II 2508 o N 25 1 BN, — AR 7 ADMM BIREE, —MNEH. BT
(1] AR FR R TR, Rk S kT i . R RAE—MEEWRE (H Urban100
[30], Mangal09 [30] F Kodak PhotoCD H 768 x 512 Y] 4pD 48t 7-F31% bpp
PLJ z R TTR IS, @577 95% BEXIE, SAREIERIF. R IRAITEN 2 #H17
THRAL, R, HARRTTREEAR R LR 7. HEWEWHE RS ) WS
P FITGR W 2 TG ().

UbAh, FR23FKH CAE-ADMM 7E -5 1% 4t 77 148 HL s AT B8 ORUE 7T LAE 52 ()18 47 Tl S
CHEWTE ), FEREMEI—P K batch size (FFATHALEE), CAE-ADMM )~ $4#EHE 3

14



FEign] Uitk — BTt

Model bpp SSIM Second /image

bpp_ 0.5 0.597 0.871+0.003 0.140£0.008
JPEG 0.603  0.82840.006 0.0334+0.001
JPEG2000 0.601  0.7934+0.013  0.17740.020

% 2: CAE-ADMM HH#EFRIEF S54E g 7k te CRAVE&INREE, 2 4 GPU, batch
size &N 8, FFEANL T 95% BEASIXIE]D.

5 %518

AHFFIEHE T —FET ADMM B9 e LR R Tk, 5IN T %077 CAE-
ADMM 8!, WRIhEEIT T AN RIS e M E B SRR B R, XSHmisZ 89, i
W NEE:, W59 HSHEE N,

AT IRAE G 4 sk b 51 NBY R 757, TR TR Ik 2 oh, IR TN FH 22
HRIE T ReME . LI R, CAE-ADMM 7E SSIM 1 MS-SSIM K R B T JH A
K] CAE 8 & HAM I A B 77k, 8id Ablation Study, FATBIE T 5| AK ADMM B4
LRI R . ASCUATR ) ADMM BYRE 77 951, ARSI NTE 2 5EAE I (1 28R 3 2%
JTEM T R

15



Original JPEG

- 2 = < . = o <
CAE-ADMM (Ours) JPEG 2000

Original ‘ . JPEG

CAE-ADMM (Ours) ' JPEG 2000

(b) bpp 0.5

K 6: ANFEFTERSERESESCR: BE (FF) . CAE-ADMM (£ F) . JPEG ().
JPEG 2000 (£ F).
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CAE-ADMM: IMPLICIT BITRATE OPTIMIZATION VIA ADMM-BASED PRUNING IN
COMPRESSIVE AUTOENCODERS

Haimeng Zhao

Shanghai High School
Shanghai, China

ABSTRACT

We introduce ADMM-pruned Compressive AutoEncoder
(CAE-ADMM) that uses Alternative Direction Method of
Multipliers (ADMM) to optimize the trade-off between dis-
tortion and efficiency of lossy image compression. Specif-
ically, ADMM in our method is to promote sparsity to im-
plicitly optimize the bitrate, different from entropy estimators
used in the previous research. The experiments on public
datasets show that our method outperforms the original CAE
and some traditional codecs in terms of SSIM/MS-SSIM
metrics, at reasonable inference speed.

Index Terms— autoencoder, lossy image compression,
neural network pruning, bitrate optimization

1. INTRODUCTION

Since the proposal of compressive autoencoder (CAE) by
[1], deep learning-approaches have been largely successful
in the field of lossy image compression, where its adaptive
feature learning capabilities have helped it outperform tra-
ditional codecs such as JPEG [2] and JPEG 2000 [3]. The
goal of such network is to optimize the trade-off between the
amount of distortion and the efficiency of the compression,
usually expressed by the bitrate or bits per pixel (bpp). In
other words, we aim to minimize

where d measures the distortion between the input image x
and the reconstructed x, 5 > 0 controls the proportion, and
R measures the bitrate of the quantized latent code z.
However, this objective is inherently non-differentiable
due to the discrete nature of bitrate and quantization. So, to
make the problem well-defined so that back-propagation of
neural networks is applicable, one of the prevalent solutions
proposed by [1] includes a combination of entropy coding and
entropy rate estimation, in which they trained a parameter-
ized entropy estimator H : ZM — [0,1] along with the en-
coder/decoder that is further made differentiable by an upper-

*Work done as a senior researcher at Kent Artificial Intelligence Labora-
tory.

Peiyuan Liao

Kent School*
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bounding process and the usage of Gaussian scale mixtures
(GSMs).
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Fig. 1. The architecture of CAE-ADMM. “Conv k/spP”
stands for a convolutional layer with kernel size kxk with
a stride of s and a reflection padding of P, and “Conv Down”
is reducing the height and weight by 2.

As an alternative to methods mentioned above, we replace
the entropy estimator by an alternating direction method of
multipliers module, where the aggressive pruning on the la-
tent code encourages sparsity, and therefore aid in the opti-
mization of the bitrate. Our experiments show that this prun-
ing paradigm itself is capable of implicitly optimizing the en-
tropy rate while yielding a better result compared with the
original CAE and other traditional codecs when measured in
both SSIM and MS-SSIM.

2. RELATED WORKS

In the literature, there exists numerous works on variants
of compressive autoencoders (CAE) to achieve lossy im-
age compression [1, 4, 5, 6, 7], with different approaches
to measure the distortion and bitrate. For distance func-
tion d(x,%X), MSE (Mean-Squared Error), PSNR = 10 -

1og10(%) (Peak Signal-to-noise Ratio), SSIM(x,%) =



(2psepise+ (k1 L)?) (2005 + (ko L)?) imilari
Q22+ D)7 (024024 (ha )7) (Structural Similarity Index)

and MS-SSIM (Multiscale SSIM) are the most widely used
metrics. For the entropy estimator H, apart from the GSM
model mentioned in the former section, recent works also
use generative models[5] and context models[8] as potential
alternatives. For works of non-autoencoder approaches, there
is also an increasing interest in the usage of GAN [9], GDN
(Generalized Divisive Normalization) [5] and RNN [10].
The traditional convex optimization ADMM algorithm
[11] first saw its application in the field of neural architecture
search (NAS) by the method proposed by Han et al. [12],
which is followed by a few improvements in [13, 14, 15, 16].

3. PROPOSED METHOD

A typical CAE consists of an enocder F, a decoder D and a
quantizer ) [1]:

E:R" 5 R™,
D :R™ — R",
Q:R™—=7Z™.

The encoder E maps the original image x € R" to a latent
representation z = F(x). The quantizer () then maps each el-
ement of z to Z, which produces the compressed presentation
of the image z = ()(z). Finally, the decoder D attempts to re-
construct the original image x = D(2) from the information
in z.

We aim to let the reconstructed image x looks as similar
as the original x (minimize the distance function d) while re-
ducing the number of bits needed to store the latent code, or
minimize the bitrate R. The problem can then be rephrased
as below, assuming that () is not parameterized:

arg%lig dx,DoQoE(x))+8-RoQoE(x) (2

3.1. Selection of £/, D and ()

Similar to [1], CAE-ADMM uses convolutional layers to be
the basis of our encoder and decoder. The decoder mirrors
the structure of the encoder to maintain symmetry, except that
uses sub-pixel convolutional layers proposed by Shi et al.[17]
to perform up-sampling.

For the quantizer ), we use a simple and computation-
ally efficient one proposed by Theis et al.[1], inspired by the
random binary version developed by Torderici et al.[10]. It is
defined as:

Q(t) = LtJ te €€ {07 1}’ 3)
in which e decides whether to output the ground or the
ceiling of the input, and the probability of € = 1 satisfies
P(e = 1) = ¢t — |t]. To make the quantizer differentiable, we
define its gradient with that of its expectation:
0 0 0
£:Q(1)

= aE[Q(t)] = gt =1 “4)

3.2. Solution to the optimization problem

Since multiple well-defined metrics (mentioned in section 2)
exist for d, we here aim to provide an alternative method to
optimize R without the use of H. Intuitively, we can refor-
mulate R by

R(z) = card(z) = card(Q o E(x)), Q)

in which card(-) counts the number of non-zero elements. If
we want z generated by the encoder to have fewer number of
non-zero elements than a desired number ¢, we can rephrase
the problem into an ADMM-solvable problem [16]:

i % Z
arguin d(x, %) + g(Z),

(0)
st. Qo E(x)-Z =0.
where the indicator function g(+) is defined as
_f/0 if card(Z) < ¢,
9(2) = { +0o0 otherwise. 7

Remark that both U and Z are initialized to be all-zero, and
Z is an element of S = {Z| card(Z) < ¢}. By introducing the
dual variable U and a penalty factor p > 0, we can split the
above problem into two sub-problems. The first sub-problem
is:

argmin d(x,X) + Qo E(x) —Z" + U[},  (®)

in which  is the current iteration number and || - ||% is the
Frobenius norm. This is the neural network’s loss with Lo
regularization, which can be solved by back propagation and
gradient descent. The second sub-problem is:

argmin g(Z) + 2[Q" 0 BFI(x) 2+ U3 (9)

The solution to this problem was derived by Boyd et al. in
2011[18]:

M =TIs(Q" o B (x) 4+ U), (10)

where IIg(-) represents the Euclidean projection onto the
set S. Generally, Euclidean projection onto a non-convex set
is difficult, but Boyd et al.[18] have proved that the optimal
solution is to keep the ¢ largest elements of Q* 1o E*+1(x) +
U” and set the rest to zero. Finally, we will update the dual
variable U with the following policy:

Uk+1 _ Uk + Qk+1 ° Ek+1(x) _ Zk+1. (11)

These three steps together form one iteration of the
ADMM pruning method. Algorithm 1 shows the complete
steps.



Algorithm 1 Pruning of CAE Based on ADMM
Input:
x: A batch of input images;
FE, D: The encoder and decoder;
Q@: The quantizer;
¢: The expected number of non-zero elements in F(X);
k., Max number of iterations.
Output:
FE, D: Trained encoder and decoder;
U, Z < zeroes with the same shape as ) o F(x)
for1 <k <k,do
E,D <« argming p d(x,X)+5]|Qo E(x) —Z+U|%;
Z < keep the ¢ largest elements in () o E/(x) + U and set
the rest to 0;
U<U+QoE(x)—Z.
end for
return F, D

4. EXPERIMENT

4.1. Model architecture

Our model architecture, shown in Fig. 1, is a modification
of CAE proposed by [1]. The encoder and decoder are com-
posed of convolutional layers as described in Section 3.1. The
input image is first down-sampled by three blocks with each
containing a convolutional layer, a batch normalization layer
and a PReLU layer. Following 15 residual blocks, two more
down-sampling convolutional blocks with the last convolu-
tional block are applied, generating z. The quantizer () then
quantizes it and fed into the decoder whose architecture mir-
rors the encoder.

4.2. Training

We use the Adam optimizer [19] with the batch size set to
32 to solve the first sub-problem. Learning rate is set to 4 -
103 and is halved each time the loss has not dropped for
ten epochs. Every 20 epochs, the second and third steps of
the ADMM pruning method is applied. The distance function
used as a part of back-propagation is a linear combination of
MSE and differentiable versions of PSNR/SSIM/MS-SSIM,
and the training is first warmed up by a scaled MSE alone.
The ratio of the number of elements to retain in step two is set
to be 10%. To enable fine-grained tuning of bpp, we modify
the last layer of the encoder. All procedures are implemented
in PyTorch and open-sourced'. Each model is trained for 300
epochs on 4 NVIDIA GeForce GTX 1080Ti GPUs.

4.3. Datasets and preprocessing

We use BSDS500 [20] as the training set, which contains five
hundred 481 x 321 natural images. The images are randomly

Uhttps://github.com/JasonZHM/CAE-ADMM

cropped to 128 x 128, horizontally and vertically flipped and
then normalized. For the test set, we use the Kodak PhotoCD
dataset 2, which contains twenty-four 768 x 512 images.

4.4. Results and discussion

We test CAE-ADMM (Our method), JPEG (implemented
by libjpeg®) and JPEG 2000 (implemented by Kadadu Soft-
ware*) on the Kodak PhotoCD dataset. For the distance
metric, we use the open-source implementation of SSIM and
MS-SSIM °.

Fig. 2 shows a comparison of the performance achieved
by the mentioned methods on Kodak. Our method (CAE-
ADMM) outperforms all the other methods in both SSIM and
MS-SSIM, especially the original CAE which uses entropy
coding. Note that the blue curve represents the RNN-based
method proposed by Toderici et al. which is optimized with-
out an entropy estimator.

In Fig. 3, we demonstrate the effect of different com-
pression methods visually: the origin (top left), JPEG (top
right), CAE-ADMM (ours, bottom left) and JPEG 2000 (bot-
tom right). From the figure, we can see that JPEG breaks
down under a bpp of 0.3 while that of CAE-ADMM and JPEG
2000 are still satisfactory.

Model bpp ratio of zeros
Before pruning  1.684 +0.012  7.80% =+ 3.44%
After pruning 1.257 £0.011  17.65% + 4.90%

Table 1. Bpp & proportion of zero elements in Z the total
number of elements in z before and after pruning. For both
statistics, a 95% confidence interval is established with a sam-
ple size of 233 (size of the mixed dataset).

For ablation study, we test out the effectiveness of ADMM-
module by applying the same training procedure to the same
model, one with the pruning schedule and another without.
Then, we calculate the average bpp as well as the ratio of
zero elements in a mixed dataset (768 x 512 crops of images
from Urban100 [22], Mangal09 [22] and Kodak PhotoCD).
Results can be seen in Table 1 and more direct visualization
of a sample image can be found in Figure 4.

Inference-speed-wise, from Table 2 we can see that our
CAE-ADMM has an acceptable inference speed comparing
to traditional codecs while maintaining superior quality con-
cerning SSIM.

Zhttp://rOk.us/graphics/kodak/
3http://libjpeg.sourceforge.net/
“http://kakadusoftware.com/
Shttps://github.com/jorge-pessoa/pytorch-msssim
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Fig. 3. Performance of different methods on image kodim21
from Kodak dataset. Bpp is set to be about 0.3.
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Fig. 4. Comparison of latent code before and after pruning
for kodim21. For the sake of clarity, we marked zero values
in the feature map before normalization as black.

Model bpp SSIM Second/image
bpp-0.5 0.597 0.871+0.003 0.140+£0.008
JPEG 0.603 0.828+0.006 0.033+0.001
JPEG2000 0.601 0.793+0.013 0.177+0.020

Table 2. 95% confidence intervals of SSIM and inference
speed of CAE-ADMM model (inference time being the sum
of all 128 x 128 patches with batch size = 8) on mixed dataset,
2 GPUs compared to traditional codecs.

5. CONCLUSION

In this paper, we propose the compressive autoencoder with
ADMM-based pruning (CAE-ADMM) [23], which serves
as an alternative to the traditionally used entropy estimating
technique for deep-learning-based lossy image compression.
Tests on multiple datasets show better results than the origi-
nal CAE model along with other contemporary approaches.
We further explore the effectiveness of the ADMM-based
pruning method by looking into the detail of learned latent
codes.

Further study can focus on developing a more efficient
pruning method, e.g., introducing ideas from the field of rein-
forcement learning. Also, the structures of F, D, and @ can
be further optimized for speed and accuracy.
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