Z7), AL7ugo] 2 7%

MPEG Compression of Neural Network
(NNC) AIEF 7= 5%

Qo 2, 2L 34 3 Akdo] A g F vhekdh fokellA
1B 20| CIgEt SOOI FO 52 HOIDUR o 4352 wolm gtk Telt, Ao L <l
o, SA| 2Eo| BUEE T S TR, BHY oy 1o sy 1] 27t 2 Zbed ol
4g TEE Rl e808 2A0 SNOSS P8 s mae 209 S22 e Al 3 5
HiEE|7| flaiM = REC| 7HEX| Ti2t0|E2| & E2 HZE| &

B2 S0l Zst 7|20| B0l ofof MPEGojs 9 H(Feature Map)<} il 2] 2717 271 S7k5tict.
olmilzel ouS Clorst TallgA0IM A5 28 kst WEHAL, A4 At SEut WiEels AR mehy 2
oi2ojEE = EdsH= NNC (Compressmn of Neural  IoT (Internet of Things) 7]7] S-olA] Q1A A2 2
Networks) EZ3t5 T3 %0" ACH =10f|A= NNC 2 83170l Agto] wELt E3] & gato] obd H]

rulm
.H3|'-
_O'I_l
rr —.—
i)

o] 4ot 71Ex| TatolE § 712, 123 HLS
(High-Level Syntax)S2 7H3h_'_xf St

ez dHafol sh= AFA8E B2 A A

o] Tl% A olrt whehr, 7]E 9] s QA

Bdo) s A At 2 327] 9 A
LM 2 & Fol= B} 977} WYL SleHl

AFA8E-E thafg Ao g sty 9fs ok

< DNN (Deep Neural Network)g 7]5ko & 3} gk ol F A5 ZE YA (Tensorflow(2], Pytorch(3] &)

Lo Ao A2 AFE A, AA QA o7 9 2 HW ZdZo] AL 9t} o|ul, Tensroflow(2],

f5

ofd
>,

% 0| ei7l= 2028 ?g$( fiﬂ%’éi% M) o= YHEMT 2G| X|HS Hot +AE 7Y (No.2021-0-00802, £4E FAIst
£ XI[SH O|C/of otHH| #gh 7|= JHE)
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Pytorchi3] 2:& el ZelAEL mde] s
9 B4l AA ERE A8 Bk g 59
AN S whEo] He e 38 9%
& 7] 87 e xee)
NEE At A0] Ao dhgd ol £
oo Aolat A5 el 2 olehgol et ol 9
3 et Wiy NS ) AT 4 ks
2 EYE VS Ao B} AL glehlis)
olg3l 27} QTEL ulgog I FF3} 7|
¢l ISO/IEC JTC1/SC29/WG04 MPEG (Moving
Picture Experts Group) Video Groupel|4&= NNC

PA

(Compression of Neural Networks for Multimedia
Content Description and Analysis, MPEG-7 Part 17)
ojgf o]F o AP BdE 43 8 The
P2 dEE 4= 28] AT mE Y
=32 QIEHO6). NNC B2 2017'd A3 #IkE] o], 2018
WHEE g 2E dlo|g 43 2 CfE (Call for Evidences)
£ AYatolet. ol F 201997 3G E = g
S 93 CfP (Call for Proposals)Z AlAlste] th
o 713 3 710l Zofste] 24 BE8E Al
2+ Q). CfPo] 350 2 HHI, Nokia, Technicolor
S 719X F Y] 71EES 71aste] Tl did
A B7Fe AL, oS v e R Agt 7leES 37t

o

o

A Category® Y+0] CE (Core Experiments) 2 &
Z SW2l NCTM (Neural network Compression Test
Model)& W7kt it NCIM2 3A| 7454 5 &
o7} e;u; 58S ZYATIE A7), FAR,
ARe) 7145 1A ERehe HE
48 ol A 9 dEes] R o T4
o] glr}. 0|9} e A& FE3 FEOF 2020
W CD (Committee Draft), 20221 FDIS (Final Draft
International Standard) ¥7Fo 2 &A] NNC EF0|
vHE] @A of Sl e oltt. HEo] HlolE A2 o]

Unification 2

62 27} 0jcjof M28H 15

8 A2 919l e g Alkel o2 e
7] 913 NNC ¥F2] phase 291 INNC (Incremental
Compression of Neural Networks)2] CfPE 20204
o AlAlBIR (7], CfPe $H 22 HHI, Tencent,
Nokia & 37§ 71#elX 7|&ES 7]asto] 4% 9
7be Wotth. @A) INNCE DIS (Draft International
Standard)& 7ek Ae o ¥, 2023\ FDIS U7hs &
#2 FF3 AP o] Hol o] A= HFo] vhrg 4
el et

Il. MPEG NNC 7L

1. Phase 1 NNC 72

WAoo b= d e
o] FaAle] Q79

fN

b

(o)

1) MPEG NNC 8= #|0|A

MPEG NNC= ttga 28 oFe] Aluhe] 2.l til
A2 918l = Alolx 9 HAE HolHE £33
1, 71 A3} ETRI, Nokia, Huawei, Mitsubishi, -3
S 170 718 16709] fr= Alo| 7|18 AZsH Y]
THSI. NNColM = AlEd fr2 AlolaES IA 2479
S0l wet 3719 Fhe| el 2 FEsk ik = Aol
29| he|ae]e A7) 2] Il v ¥, Fehe=
S 28 2dof A&A Yol E, T2a 3 A
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<E 1> MPEG NNC 2= #/0|~ 2Z[8]

NN
distribution/
deployment

UC1 Installing NN-based applications

UC2 Camera app with object recognition

UC3 Translation app

UC4 Large-scale public surveillance - image classification

UC5 Visual pattern recognition (VPR)

UC6 NN representation for devices with limited memory and bandwidth
UC9 Efficient re-use of neural networks among different media applications
UC14 Electronic health record and genomic data - phase 2

- 14A: Federated learning for Medical Applications
UC15 Dynamic adaptive media streaming
UC16 Audio classification / Acoustic scene classification

UC7 Deep NN Factory
NN (re)training

UC8 Personalized machine reading comprehension (MRC) application
UC10 Distributed training and evaluation of neural networks for media content analysis - phase 2

UC11 Compact descriptors for video analysis (CDVA)

Ing:é\élﬂeoand UC12 Image/Video Compression
Eoding ¢ - 12A: tool-by-tool based, 12B: end-to-end

UC13 Distribution of neural networks for content processing

< 2> MPEG NNC Phase 1 E|AE H|0[E]

UC4II.mage ILSVRC2012 Top-5 Accuracy (required) VaG16
Classification (224x224) Top-1 accuracy (optional) ResNet50
& Detection P yop MobileNetv2
uc16 DCASE2017 Top-1 accuragy [required) DCase model
Audio classification (40x500) P yireq (HHI)
uC12-B CIFAR100 Training PSNR (required) Autoencoder
Image compression (82x32) dataset SSIM (optional) (KAU)
UG 12-A JVET PSNR (required) In-loop filter
) . : for JEM/VTM
Video compression CTC BD-rate (required)
(KAU)
VGG-16
UC 11 CDVA CDVA TP/FP (required) Alexnet
dataset
ResNet50

L4502 FAH gl Tk e A 2 e
Bl NNCE 4353171 18] NNC CEE @A ol|A] 37
Fhel ] o thek Alvte] Q.o tis 242t AS-S sttt
CtP 371 915l, A HIAE HloJH R Al&H 57}
A 2o thsto] HI2E 8748 sttt (R 2) =
MPEG NNC Phaselo|4] 2] H2E Ho]g] o th3f 7]

&3t o714 dubd oz Il E QFAAY e

olo

ol9jol| AA|H o2 Azst Bello] A= 7]?&—% z
o] EAIsIAT. CfP $H-E 913 NNColAl& Bl

dlolH o] 24 & AR A0 nejsto] S Al

TH0 2 % 7t #lof o= dlojE] o e A

o] H& Hlolg & FEotint. CfP 8+ Al 252 A

= B7ksloF & B 2E dloJE & ofw]A] B er]Q

F(UC4, UC16), 8|2

Az

ole)A] QF(UCI2B)Ho]E]
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2 AoJatAar, A dlofEql vt L. gk (UC 12-
A), CDVA(UC 11)9]l tj3i4d A&l A% dlo]E 2 A
o3} gict.

2) NNC &7} gty
20193 MPEG NNCol|A] CfPE ¥7ksl7] s 2
o] A 3] 9|94l CTC (Common Test Conditions)E 3
gkal 37} W (Evaluation framework) 412 W7k
BHHTHI). £ Aol 4 fr= Alol29] AZd Hx
E dloJglol gt 7t S T (T DS
NNC9] 37} W ofl gk AvkalQl 7] 8.5 vhebd 18]
olth, (27 1) oM EHE NNC H7} S 29}
ot ok
-FE A RYS
zdo gtaE
SHEA RES 2 o uhalels

Rdo] +2E(0s_size, Cs_size)

sl

E8e u dAE e vz s
5 (O_size, R_size)

H| s 2]of gt

-YEY= A% (e.g. classification?] accuracy)
* O_Per: A45HA 32 U B A5
* R_Per: Reconstructeddl 24l o] A%
(decoded)
* RR_Per: A3}<5(Re-training)o] E3HH 24
2l s
3 E NNCO H7} S aokshd oha3t 2t}
7|4 4E 9 B Bd2 38 2l 9y

% 2de ollshd MEAEY Hejz A%

el
>

Hr}. F, NNCol|A o] 57} B a4 ¢
bitstreamS ¥ gk &5 HE 2d o

Ao g FA =L}

_

o] 45 g 24ahe

2. Phase 2 NNC 742

re,

TR & %% ddef wlole 9] EAlE F
k. 2, os 9 2L THQl A ETL
A= HlolE7F FR7t o e Aol A Tl Al
gho] mpEtt. o] £ 3 431] 9fal], A%e}sF (Federated
Learning) 2] 7igo] S48t 4rH10l, AgHet5L dlo]
B 34 g0l 7 450l shaa mdg 5o AN
ZAgsto] shute] RER Fshs s on|gitt dE

50, 9% 93 22 A5 4 WA 4 volH

2359 R9S YA R Agstal, T A el

o}

—

4
r i

s A3t 7FssHA =it

o]#3t Q7 5L ulg o g MPEG NNCo|A+= 2020
d 1099 AU oS 1slE NNCY
Phase 2¢1 INNCo]| th3t = Alo]x & CTCY H7}
ol tigt EAM S Tk dnt. o Hefx= INNC
o] fr= Alol2gt F7F ol tisl 713

AR

1) INNC §X #0|A
INNC CIP 712 Slal gt Aueles v

Performance _
(O_Per)

Original
NN Model Model
Size
(Cs_size)

Size R
(O_size, Os_size) » Compression . ﬁ‘_mmom‘@» Decompression .
D

Compressed

Model Size
(R_size)

Performance
(R_Per, RR_Per)

Reconstructed
NN model

<32l 1> MPEG NNC B} 88 /|2

64 a7} ojclo] %282 13



MPEG Compression of Neural Network (NNC) 2/ & 7|& S8 65

<# 3> INNC Test data

UC10 Federated train-
ing and evaluation

PASCAL VOC12
(20 classes)

UC14A
Federated learning for
medical applications

Pneumonia de-
tection dataset

Training
dataset

Top-5 Accuracy (required) RZSI\(J};tl 8

Top-1 accuracy (optional) MobileNet

Top-1 accuracy (required)

Precision, recall, F1 score V(E(ASJ)G
(optional)

g I AE HloJElEo] AZHAUL, (F 3)2 INNC H|
2E dlo]e] 2 velitt. 7] dubzo g g Al
A% 2d o|9lof AAHo R FFHoN AZE mE
o taiX= 718 2ol FAIHUT}. 2714 HIAE H
of BF 7|&9 Aol &olg m S5 (Pre-
trained) o]7|A] 7 24 7|uko 2 A=tE 9t Eg
INNColA= NNCoF 2] CfP 35 DAlolA e
AE vlolEl7} 1L, (F 3) 9 27kA] H2E HloJg] &
Foll gk ok s 571 gt

(29 2)+= Phase 29] FQ H|AE dloJg]el A%
342 93k o2 JAHUC 14A) ) hat S EEE e}
W AoeH11], Agtetse] Alue] o5 9fsl

= 7]ae]
A= Kaggleoll $i F Xeray AR Y] 5 &4 o]

ElolA SRt 270 718 5 F 3709 Holel =y
TG oA 3572 SFHolEE 0|83 NNCoj
Ao At AvEee vt 2o 4, YA
Hol gl ElolHE Sae st U 7 7]kl
Age Pt 2 o 24 7184, B = 244t 71A]
I g HolHE sae Adstal FF Aol A
9o A2} 745 A RS T FEAH = AFe &
ot oapA o R S AufellA s 7} 7] del A e 2t

2) INNC H7t i
2020 INNColA CfPE W7ksl7] $Jafja 2 o]

Train data B

—
A
ComtralServer | w_ | Institution A |~ | Assresation |
: RNISARRSXGS : / \: (Central Server) :
| |
I I
|| Ve&16 | || vee16 |
| I : :
| I \WA / I WatWs |
A B
: W = Wyaw : Institution B Wy : Whew =——>— :
_________ I L ——
A

Train data C

Wnew

<78 2> Phase2 918f5& 2 #|0|A BEE[11]
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Server trains

Server sends to client
Client trains

Client sends to server

Base Model
Server
FC
Client

FX+EC

FC Layer

N

End2End

PR (PR [ R PR i (R ——
4

4

<78/ 3> INNC Pipeline[24]

A Zeellx] CTCEAE W1t girH24]l. (T¥ 3)2
INNC] %7} B ol thgt 7 2 =& vrepd Aolot,
HEA Q1 INNCe] %7 #
o Ageee g BT h5E 2 AT ARE A
dof ghe}, INNCollA arefsfof & Alvte] e tha3t
Zo| gokdrt,
- 3k W

A glo|Eollx 7 cliento]
A& epoch 19+ 8458 1835} o] servers
A% o] we] AAE shte HA(stage) = A
ofstaL, 159 A uhEsto] 7L dAnje} A
o L

* Bidirectional 7}5

* Training stagex 152 44
KA A%y

- ol wAlske] BA 1EA ARE e o

3
N

A

* Server — Client?He 1&38h hut
tlo] E(7]& NNC)

* Server — Client, Client — ServerE 25 113

66 2t&xtojcjo] 28 15

g FEF 7kEA YulolE
-Rdf % (R A (T™ 3)ellA 9
FX+FC)
- md A
© 2 AR -9 A AF((2H 3) 9 FO)
71 2o ghs Wel 22 Be ditEes
Tensorflow, Pytorcho|4] VGG, ResNet g 2] £7
T2 A% 7FA AEE Algatr] Wil 24 A
A alF ASe 7HEAE AL Y A st
INNCoA = e HAeh md drel ¢hd A4 A%
e EIS W s 47 Bk

I1l. MPEG NNC Coding Tools

{0

38

MPEG NNC CfP e} S5l that 2t Algt 7145¢ %
7ol we} 2t fr2 Ao| 2ol o] A-S S48t
o o] m, %8 54l wret 370e] CES Ak lct

o =
<34

O
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< 4> MPEG NNC CE 74

CE1 Parameter reduction

Sparsification/pruning
Matrix decomposition

Nokia, HHI, ZJU
Interdigital, KAU, Insiginal,

CES3 Entropy coding

Unification Tencent, ZJU

Uniform/codebook quantization | Nokia, Interdigital, PKU
CE2 Quantization Dependent quantization HHI, Tencent,

Local quantization KAU, KHU, KETI

CABAC HHI,

Arithmetic coding

Nokia, interdigital

(& 3)<& NNC CEol| thg 74 5 Fof7|as< 2%
3Hlct. CE12 RHle] 7454] etr|g 9] £5 Fole
S4& 7ML glon, 7 2d oy ¢45E Rd
EET AA T2 A I v e 9 A8 AR
< sk 7lesolt. vh CE29} CE3QI Akt
¢ Egy 53l vhHe Rdle 7] gEtulH &
bitstream 0. 2 FHE0] EH3h= HIE F& Fol& 7|
o 24 g o g o7t Ed U] bitstream 2719
4EE, B9 Bd9 A5 gt

o[ ZefAl &= NNC EZollA] A o= 7|

2=
=
sl 7iegtt ¢4 1M e AHE 4= V&

=l

TAE NNCE] = SWel NCTMo| that 7|22 A
shaL, ol % 2~7A M= AeE 7]Ee] TAIH ¢

g5l thsf 1=t

1. NCTM Overview

CfP &5 2 CE dAloA Algte 71& T Agd 7
£EZ NNCOAE #2 SW3l NCTMS W7kt
(2% 4)& NCTMe|l tjgt A3l 7§98 veh ol
th12], $-4, NNColX & 27| gtetule] ] $5 Zo]A

G A4 $A7 BE 28 342 1479 2154

0

Sparsification
LR-Decomp.
L Local Scaling

Batchnorm
Folding

32

Original
Neural Net
(o] Optional Preprocessing /

Parameter Reduction

Network Reconstruction /
Re-Composition

o8

NNR Encoder

Uniform Nearest
Neighbor Q.
Codebook Q.
Dependent Q.

Quantization

NNR Decoder

Reconstruction /

iRPi

Entropy Coding
010111

Bitstream §

Value

DeepCABAC

1=

Rescaling

Reconstructed - : d
Neural Net Cpticpal .Postpr.ocessmg / ! Value Reconstructio Entropy Decoding
R FineTuning
<8 4> NCTM 7§2[23]
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SerlE7} R HE 48 Zolt s}, dER
9 B53} 2e 7Y 7158 FAH0] du}, Yty
JINCTME] 3EEE 24 ¥ vdg dxe] 7142
53l SEtry £5 Qv O vy dAAeE RdS

¥
oty
SN2,
2
fi
fu
=y
4Ty
oty
il
oft
=)
=
(rt
[~
(rt
o

(Fine-tuning)s &3 H33td 3473 Zd<
At Eek. oy AREE AYE 71$ES CE £4

2 7|&gic},
2. Sparsification/Pruning

AAA7] 78 Ak ez (17 5) 9 2ol A
A%} w29 ABE AA ] AFNFY ZA E
Aok A £8 ZUTHL, o714, A4EA =
=9 4B A7 AEL A7 AFA ol Hste] =
d] Ao v AE FaEE AUEol ), g
ARG 759 ghol v A2 B 2d
of Aol WAl ek s, A% 7HEA ghe

002 w5o] gte] AAS AAg} w3l v

ol ¢h5E 28-S A8 4 (DA™ 94gE= 34
S(Sparsity) ol F&Fate QA #& Tt & F 8
F A BEG e 3s T bR 3 002
et g Y A5 A HAsel] $ete
Wz o] ulA 2A(fine-tuning) ¥ 7FA| A7) & WHES}

| €},

)

W= {O, if lw|<e
“|w, otherwise @

1) Cllo|E{ 7|€ #48H(Data Dependent
Transformation)
dlolE] 7)u W3 7ML 7128 7HAIA 7] 1 elA
7FsA%} mEl AAE ARG 7189 A o
& BAQ) Fi-& FYUA o] F nA2A = &4

4=(Loss function) o] 2o]& H.QlTH13],

Liotar = Lerain + ALsparsity @)
lwl llwl|
Lsparsity = m m &)

1wl _ |wl

7N 28 sk Aol 22 = Lo my o)

After pruning

68 Bt&xtojco M28AH 15
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AARE, 53] 4 3)2 7H5A P9 Ll-norm o
H] L2-norm| Z7]|2 Esty, 3F ghel 2 Ash= 7}
F2 A E o] gt kA 2718 A hee A%
FAlol 54 o2 oyA7E Belvtke As ofujgitt,
Z NCTM9| wlo]e] 7]k M 7L 2] (2)24(3)A
Ll A5 A FAHEA ZHAA7E Y &
402 3 5 QU 7kEA FE9 ghslE frst
=} ol

2) Micro-structure 7}1&x| 7HX|%|7|

Micro-structure 7F5%] 7FAIA]7] 719 7FEA]
PHE oojo] W 7)9] micro-blocke 2 #3 & 7}
block S92 7FA A7 2 3 eH14]. 3T 711 9] <]
AlE (3" 6y o2 Yehfiglon, il vt 2ot

- 1) 7R 2L ¥ 719 micro-block e & UEA]
ART™E 5 Y B 16712 HA)

-2) Z} block®] L2-norm< A4k & 3| 7ke] 9
F2keo g stoly getu|E q% W 7HAA 7]
(28 5) & B4 25%= 27A)

-3) AstEE 7 - olw, 7HAA7]E E5((2 6)
o Wzt B2) 9 7k A& sk, YA &

2] 7Hg Aol ARt 7HsA] ol &

Z Micro-structure 7}53] 7FA A 7] 7]1¥-& micro-
block @412 tf &84l 7tAA7]5 B3l o5 58
<+ SUAI7IE 7ol

3. Matrix Decomposition

odlxe] FELs 7L i 9E g ?}"é% ol &

o %9

A} 719 (Low-Rank Approximation) 7|9

o Ago] HAW, A7te] Folxe] A% W] o
=t}

717, S 2o e 9 2Ab e A ()
o] 2419 4B SVD £l 7 5 olgaie] 27

b oo
Hm inv)

4328 20

Weight matrix

<12l 6> Micro-structure Pruning 0fA|
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70

SH: A7 OIClol EE 7|E

= 7K, Wiz 7 CNN

w; = Uvr

(4)

oJ714 W, U, V= ZtZt Mx N, MxR, Rx N 27|
o] i 5o 75 3

22 vlstn, U, Vie 242 A 9] 7154 32
WERH T =e 2709 FEL vzt

A sl 7kEA

7154 SeblE 42 Zent,

SXDxD 44

whel, BAFE B9l A%E AFA 3

B Ho 9laL, o7IM T, S, D

Z 33 7
FL 279 PHER BajgogH

= 5 >~ = =
£t Y 54 9 A 5, 29 59 9 A 4,

Ay F7]oln. whA, 434

70 4

YHox el At 7]

ol Hgo] otsy] wiEe] 42+ FEE 23440

2 AL A A8-5 aHH17], (2d 7)Y

G 7ol LS vehdth = 3A 4Y w2
W11 W1t

w' = ( oo ) 2 AufA|stH, oA7)14 W,
Wsl Wst

= Qe 54 o) sulA Adst oA 29 54 9 A}
Al

2]
7ol YA Fafstn, o7]A Ko g F7F 54 W
A & Ak rank otk (Id 6)2 ZE Y
717 3% FF T2 FE 4 24 S AS
/%0 29 Vet 5 32 &9 2AFEE 2D
filterS 2709 1D filter FAE $AF o2 Bafs}

Input

(Axlxs

V11, V11,V

5=3 Channel

Vi v, va

Ixdx§

T

W13, W23, Wil

(a)

&

K=I Channel

Output

(1%3)xR
I
[T H f
* HI1l, H1 >
113
+ HIZHR S

(111~ T=3 Channel

HI3, H23

Bt} ojcjo] M[283 15
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o

o, o] wf 7k 28] ¢ 5L 3 FollM e A E¢
_/‘I:

W = YK Vi Hie 6)
4, Unification

7V unification 71-& 7Fe2] #E& 4ol #
0] 8+9] BE(Sub Block) o2 23 3 7} 519 B
5 DR TMSAE st fo R FHsle ZlEeltt
(18. %, 4 7FsA o g GE5& U0 2H dER
¥ #3310 A4S Sshs 71eoltth. 2 71
A= (2 8) 2 UElon, dal= o3t 2t

-D A EE R oY EBo R UwA A
ATF 7)Y AF 16702 AA)

-2) 7zt B2 unify lossE AR F(54)7), A%
e 2eAeo = stold detvlH quitE
unification 3 ((2¥ 7y ¢] 3 25%2 A 4)
* Ly=max(By)-abs(By), 7|14 By o4 &

=2 9y
* UViy=mean(abs(By)), 51714 UV;= 2 3441
EEoA 83 ghs o]
- AgtES 8 - olul, unificationo] 2gH B5
(T d 8) 9 Wzt B5) 9 7}5A] &
A 859 7k A of] thaf At 7k 2] Yol E

I
o 4
=
o,
ﬁ.,ﬂ,
=

Az} 2)¢] unify loss & unification 3t-& 243 &

He thest

lel_'}f\':max(Btj) 'abs(Bij), (7)
UV,=mean(abs(B;)), 8)

oJ7]1A By, UV 247} ot9l &5, 32 819] S5l
A FEE S Hdth F A7 7L AT ek &
S5 oY o FRAAE w T ste &40
2o BE2Eu} unification 34E F3sHA Hot, &
g ske] B5 W grok vt BE EAlslER, S
T FAs} o2l g Zol7] 9l F35 e o] At
Al Hct,

_{

Weight matrix

<12/ 8> Unification OfA|
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Q 9.3 59 3.1 4.2
51 58 73 1.1 Parameters of a layer
O W = 0 o belonging to linear
1.7 1.3 32 1.1 component
O 44 1.2 72 93
Ouatmisgtion
stepsize
\ 9 6 3 4
- R 56 : t i
W, a2 O T | TS, fo1010001..
4 1 79
<32/ 9> NCTMOjA el 7 2xfst & HE2m| H55f Al
5. Quantization W =Q/A (10)

(2% 9)& NCTMoA &) ¥rt3t & ERS 25
sholl T Zhetgt AIAlE HER T NCTME] /%
317)9) Qg o g okx AFE AA ™ 7HAH 7] 2
FAEeld wdd §HS Wk AxeE 24 7}

H
FAPEEL 32 H|E B5 44 (floating point) O 2

EHH, o] & k&3] As) FAstE 422 715 A
£ A(integer) YEI2 ABITE T YA, ¥
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72 27} 0jcjof 28 15

J71A, Q& YAt 7FeA A E, A& step size,
Wet W& 247 7k YB3t Bsshd 7h5A]
& oJujgit},

SR ke gAsh= 4 (IDAE 7kl
HAG 2715 FASt 8 E Haslehs dE goR
T, 402 wdstd o33 2}

C = argmln Z Z |W] — Cl (11)
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5 o] diE g gt
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Z JA3HDQ, Dependent scalar Quantization) S A|
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A B A B B A B A
Qo0 ° (0} ( (0} (o] ( ] o (]
-4 -3 -2 -1 1 2 3 4
D C D C D D C D C D
Ql ©O ® (o] o (0] (0] [ (0] ® (o)
-5 -4 -3 -2 -1 1 2 3 4 5
90 -8A 7A -6A 5A -4A -3 -2A -A O A 2A 3A 4A SA 6A 7A 8A 9A !

<72 10> DQ YAt317] oA

<H# 5> MPEG NNC DQ 4eff Zo| 24

current state

next state for

Quantizer (Q0/Q1) for current param.

0 (k&1) ==

~NOoO O~ wWwN = O
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N

OO = ~NO P~ wow

3719 vl §F5 Bgol ti3 Aol Hold Aog B
A ATH19L.

& FAsl= T FAS19 e Aol 2
2 A Fo eaw FAHY, T e FAsE
71 dAlE (3 10y 22 Yepfiglet. of7]A 3 A
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state 0

state 1

- X3 *‘»'A»'k" A"’

N \ %%%L

[ n“' I
"«\,, yobl

state 5

state 6
state 7
<32 11> NNC DQ £33} 0f/A|
Code 1 & 3 4
Rep value 0.1 0.3 05 0.7
C t | codebook
UQ to rep, valu
Code 1 2 3 4
Rep value 0 1 2 B8
Integer codebook
(w. step size)

<Tgl 12> F 7| ZER A1 04

d FAstE AgstodM =R FAHLAE BT A o 2ol UGEA FADHUT

2 28321, (2¥ 12) & A5 7|4 Z5 8 okat -NNR_compressed_data_unit_payload_
3= Jehl g type(uint5): NNR_NDU

A4 7luk T2 gRelE B)sly] a1 U * 0: PT_INT32, 1: PT_FLOAT32,
k9] FAstol AHE-H step sizeS DA 31, HLSO| 2: CB:FLOAT32, 3: CB_INT32
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+ o7]A PT9} CBE Parameter Tesnor,
CodeBookS ¢Jm]3ic}

6. Entropy Coding (CABAC)

CABACL 9}A3}9 7128 0] 78} (Binarization)
= 3 Ho| Ad2E rul g yulo g JEZY 1353}

=

S FYeirh22], (29 13) CABACeA 9 o|%ls}
dAloltt, o714 el 9= #e dAstE A5 A
srolH, o}2}9] Flag A= -85k FAks) Al
+ WS du)git

Sighlagi= 3% ¥Atshe 7h5A ghol 09 e 7}
AeAe gk ARE e, SignFlage s}
| A B8 JHE oulgitt. of7]A Fhol <07l

9 -8 -7 -6 4 3 2 -1 0 1 2 3 4 5 6 7 8 9
SigFlag 1 . i
SignFlag
@
AbsGrlFlag il . 1 =
AbsGr2Flag 1 1 g
N
AbsGr4Flag 1 1 N
=
RemAbs 10 o 1 g
RemAbs 11 pOaN0 0011
| 1 Regular bins
RemAbs 1010 Of 1 B0 1  /
0 1 Bypassbins
<782/ 13> NCTM CABACS] 0|ZI3t ojAl[22]
bin value for context model update
k
context
non-binary valued bin Ioogmover i bin value
syntax element i S bin | context [OMEXMod! Regular
Binarizer Coding |
Modeler Engine
coded bits
_ regular regular™§
syntax "
element T } { bitstream
> *o bypass bypass g
binary valued T p
syntax element Bypass | | coded bits
bin value Coding Engine
Binary Arichmetic Coder

<78l 14> NCTM CABAC S8
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A%E %, TR A9E 85 @ dvla ®
3, AbsGrXFlags 4Astd Agel 2712 el
T Auoln, d|F flag Ftol 19 4-¢= dAstd A
o] Adjgto] “X Hr} Avke AL vttt npAl%
02, RemAbst AbsGrXFlag==0 o|*¢] X7t} o]
A X3k Abole] vmA] ghs B¥sH, ojuje] F35.3}
+ bypass WAo2 AFH 11, 74 AFHER
AbsGrXFlagellX] AgEe “X kel Hias vehd
+ MaxNumNoRem & HWlit},

(¥ 14) = NCTMol|A] ¢] CABACY] 3 E =& Y&}
WiTk, 9bA] o] 3t A ol 4] RemAbs gh& A 9]k L
A FFE-L Regular coding (context modeling)-& 48§

3}, RemAbsE Bypass® §3.3}3ic}
7. BH2| 0HZE

AFAAY 2d F selvule & A 7H5 A9}, wlo]
(Bias) gt2.2 A o] 9tk NNColM & H/53%
S 7R E-& 7t A9} vloloj A REE AE]
:l‘:

ik, ik 2 wholof 27} AAahe e}

2
[>

7V diu] wi$- 27] wjiell, 7-9-of b NNCoj
AN S Aeshs 4971 ok, A2 nlAzA 7]
W2 JERY B354 v} i 7HEAE g A
Bl 2 vlo]oj 2 ks A 2AE B3l Hu|o]Esto
H53} 4%5& #QIch23). 5, NCIM Yl 785 A] ¢
2 FAE 7]&0|BR, NCTMY] BREES F7HA1714]
et (2 15) M & 5 o], 2zbe] nlolo]
29 Azt g R53s} ol A FHEE &

A% % ek,

IV. High-Level Syntax

iAo 2 g ARES A2 S9lA 28
Ao g A HEAEYS TA: 7E$ES
High-level Syntaxz} gt} &4 MPEG NNCoj|A <]
HEAEZE NNR Unit FE|2 o]Fojx] glow, 7
A eAlE (3™ 16y 3 2THOL ©17]14 NNR Unit&
Unite] 2712 Jeh)E sized} metadatas Z3sh=
header, 18] 1 payload2 W = 9lo}.
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60.00

Top-5 Error (%)

40.00

20.00

0.00

ResNet50 E2E Performance

0.000 0.020 0.040 0.060 0.080
Compression Ratio (CR)

NCTM6.0

NCTM6.0(Fine-tuned)

0.100 0.120 0.140

<72/ 15> x| OJMZH 7|8 45
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(& 6) & NNR unit W B} (Type) ol thal] A
o}, NNR_STR.Q] 49 NNR H{EAE 9] A|2A L
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b o) 1PSe] 734
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2 A4t # v} vlo]EE LPS ERQl o=
Fafjof gt} 1t 0 & TPLI} QNTE NNC| A5

s
g]

A

T

A fr&
-TPL#} QNT+ 7528 o 9A AZEA ol oigh

-H|EAEZL HlEX| NNR_STRZE A|2h
- MPS B} HEEA] NDURTE 9hA A ojwofof g
-LPSE thS LPS & AGG NNR Unito] B¢

S84 Uehlis Ao, #d ve dlolg & 53 ZHo| B2 WPEA NDURH oA A o] 5 ofof &
sk S AFd. o F o, 45 dgtoly A - TPL2 Tensorflow/keras, Pytorch, ONNX, NNEF
HE 08 435 &8 9 ONNX, NNEFE AR 9 o& A daljor &

NNR Bitstream

NNRUnit | NNRUnit | NNRUnit | NNR Unit L
— - - =
) . - - -~ - - _
NNR Unit
NNR Unit Size  NNR Unit Header NNR Unit Payload

<78/ 16> NNR HIEAEE] 74 0flA|[23]

<E 6> MPEG NNC HLS 74[6]

NNR_STR NNR start unit Bitstream start indicator
NNR_MPS NNR model parameter set NN global metadata
NNR_LPS NNR layer parameter set Partial NN metadata
NNR_TPL NNR topology data unit NN topology data information
NNR_QNT NNR quantization data unit NN quantization information
NNR_NDU NNR compressed data unit Compressed NN data
NNR_AGG NNR aggregation unit NNR unit with multiple NNR units
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