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Light weight architecture for acoustic scene classification
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“Department of Applied Statistics, Chung-Ang University

Abstract

Acoustic scene classification (ASC) categorizes an audio file based on the environment in which it has been
recorded. This has long been studied in the detection and classification of acoustic scenes and events (DCASE). In
this study, we considered the problem that ASC faces in real-world applications that the model used should have
low-complexity. We compared several models that apply light-weight techniques. First, a base CNN model was
proposed using log mel-spectrogram, deltas, and delta-deltas features. Second, depthwise separable convolution,
linear bottleneck inverted residual block was applied to the convolutional layer, and Quantization was applied to
the models to develop a low-complexity model. The model considering low-complexity was similar or slightly
inferior to the performance of the base model, but the model size was significantly reduced from 503 KB to 42.76
KB.
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Figure 1: Overview of the ASC system. Light weight classification model classifies a given environmental audio
clip into 3 classes - indoor, transportation, and outdoor.
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Figure 2: Overview of proposed system.
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2.1. 2C|2 G|0|E{ Z*{2| 2tA
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Figure 3: Model architecture. (a), (b) and (c) describe submodule convblock. (a) is the traditional convblock
using 2 dimensional convolution, (b) and (c) are modified efficient version of convblocks. (b) describe depthwise
separable convblock and (c) describe bottleneck inverted residual convblock. (d) is proposed Resnet model. (e)

is proposed Resnet RF-1 model.
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2o AR5 S F B=-2 Figure 39 (a) Traditional convblocko|t}. o] B&-2 344 & Z(2D Conv), Hj ]
Z+3}(Batch normalization), 4] 3} §H<1 ReLUR o] 502 Qith. 7] & R dofx o] SHA] H-L = 647] 9]
e & AR5} (a) Traditional convblock®] (e) Resnet2] 29 FA| o7}, shite] 2bap oA
(residual connection) 2 ©|Fo]] 9Jt} (He 5, 2016). o|uf 2-2-2] $+A 2 AAdo] g E=
He= A9 27170, D) {57 2 UA 20 oo Ad 2717 ( 3R FAF So= sk

o)== AAEFS Zo]Ftt GoogleNet (Szegedy 5, 2015)0)| 4] AF-25F € bottleneck layerE AH8-5HSIth nbx]
ofl= Ao Hd-gh = Z(global averaging pooling) © 2 A5} 11 A X E W A (Softmax) 345 ©]-8-5}9]
7t Ze 0] HE& ALteliET)

E3 2 A 25 okl A= -8 F A (receptive field) 9] Z7]7F &4-& o B 2 J5& Hlth=

A3}t (Koutini 5, 2019)7} 911 A] Figure 39] (f) Resnet RF-13} ZHo] Rel-g J1dskqict. dl (f)<] —Oroﬂ
9] A3 BET AY T (1, DSl FAF ZS 24S Belk 249 23 BE %A ALgstd
convblock ()7} AFEE AL, 71 2717} (1, DI (3,3)%] EF 0 o] Fo| AUt upd7iA] = B 6470 9]
BeE 710 G4 BoIth Aol W B9 57 AnEuAz T4},

23 3% 29 22 U Y

Yeld At 14e duelE AAE AL A Bg FER AASH AF FneE A7 Sl
meo] etu|EE Fole 7H d1eE AHst A1 R UE 4 At (Lee 5, 2019). B dreE <A
FEL AT U E g8 07 WAty mtalugE Folk B Eo] oq:rLE] ot} mazol TAE
T E| 2 depthwise separable convolution¥} bottleneck inverted residual &5 AR-25} Tt o|2gt G829l

=9

TF HHE 7|E Y x| 1835ttt Figure 39] ()¢ (He] =l L3209 3017431% convblockE
depthwise separable convolution& Z]-83} convblock (b)2} bottleneck inverted residual2 %]-83} convblock (c)
= thAIste] et LS50 Aol sl Aottt

G2 F A} A= 71EAE LY B v E E A ASHAY, shetrl e o A E S A o
WA 7]E BE o] 3715 Fole A7 Zofoltt. Y 9% 7]& ¥ Quantization (Han 5, 2016)2 A-8-5H{H

2.3.1. Depthwise separable convolution

Depthwise separable convolution& Chollet (2017)7} A ¢Fet Xceptionof| A & U2 7l d o] ™, o] & 112 Mo-
bileNetof| 5| I 4] ofo]t] o] 2 AMR-E]Qith. Depthwise convolution} pointwise convolutiong Z3}F5}o] AR
Sz HrAlol ).

717 depthwise convolutiono| 2 A dulc} 2 WEl & s}oh BH4E Folol g ALgsted 2+ B7H %
(spatial) o] R &5-& 3 5h= ZAolvh. A Ql 52 Figure 4 (2)2} o] 2} 2 g of] tjsto] &g
#.gofo] S AT 2 A0S G Fol WA shite] DL 71 £ olul S WS
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o Qleh BHF 2 S4F lof Bol 2ol ditd-S ol Eol= Hlol S8 TS gt
A5t depthwise separable convolution2 7]& 2] $HA-Fol| A AA) 23 whaka} 37t
Sl 73} 2, A ekl B2 ee BelalArk 21010 Figure 4 (b)0] RATE]
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Figure 4: Standard convolution and depthwise separable convolution.

convolution& A&t MobileNet vl (Howard 5, 2017)9]| 4] &= depthwise convolution 2] ©]©] €} pointwise con-
volution o]0} A = HdF BEE-S F4J5tL, o] Atolof ¥ 2] A F3ket B4 g4 ReLUE F7}5H it

Figure 3 (b) DWS ConvBlock©]| depthwise separable convolution E-=-& HA}SIS T} Depthwise convolu-
tion¥} pointwise convolution © 2 LA E]0] Q) 11 7+ $HA] & F] o= MobileNet v1of| A = & vl 2] g3}, &A s}t
g4 ReLUZ} Qo).

2.3.2. Bottleneck inverted residual convolution

MobileNet v2 (Sandler 5, 2018)= 7]Z2] MobileNet v19] ofo|t]joje] 3712 linear bottleneck2 Z++= in-
verted residual B2-2 A|otsl 4t AubA 9l zka} 2.2 bottleneck layer ©]% 9L ZA4A]7] A ‘ﬂ', mverted
residual 2-2-& bottleneck layer 0| & J'd-& A 7Ith A2 dol g o] A F S A {SIH LS HHE
FES 4 Q7] Y Eof Ao R dEFH =9 I d-S &S Z depthwise separable convolution2 E1}A]
71t} 1 5o Figure 52] u}A]9} =91 “projection” 22 A A9 £~ Z<¢It}. o] inverted residual =&
AHEE 945} 4 ReLUGO| LY. o= 7]29] ReLUS] 4Hg S o]tk 2, 6 o]4Fel ZEE 6]tk Mo-
bileNet v29]| A= inverted residual =27} W2 2] §-&Z o]g}1r AY35}1 ¢t} (Sandler 5, 2018).

o]+= Figure 3 (c)of] HALE| O] Ql= A} 2ok A A #lo]o] “expansion” Fo]o]o] A= 2f'd-& T4l
v ofu) QnhE sgolzAlol dhat shetalel v} o]k Sl 18 22 SJA o7 Ak W Aj4E 32
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Figure 5: Bottleneck inverted residual convolution module.

N2 st o714 &A3) gh= 7]& MobileNet v22} 0] ReLU6E AFESHS T t}2 =& depthwise
convolution blocko] 1 B} x| A fs}e} EAIS} g ReLU62 A E o] )t} T1th2 © 2 bottleneck layer?l d
o1 “projection” o]0l 2k T}, o] Fol A T B4 ALESH

2.3.3. 16 bit Quantization

Quantization= 7| &2] A7 0] 5443 #5 54 HE 4= vhF Eol= W ol RhEo]x 242 16bit

2 E Do) toto] Quantization Tk, AIH O AFAAWL B4 L=, Lt The] A, 7 AR}

P 7152 ol H4 2 A, o] % Quantization H T 75 wl e} 84 e = QlAFolct.

A7TE Aoty FAT QA A4S Rt 3] AssoF sh=tl, Quantization® Wi7HH;= 2] H]E 9]

A2 4551, AATe] Z7F A4 ZEE $H7 Quantization$HohH R & Afo] 27} Zo] =t} Quantization
HPE DCASE tsjoll 4 23 225 919 ol ASE|T Qo] 2 A7-0] gl A8 %c.

3. 4%

3.1. Cl|O[&{ &H|

H =Tof A8 glo]E]l= DCASE 2020 Task1 B (TAU urban acoustic scenes 2020 3 class)2] &3 2 H=

(development) o] €] Alo|t} (Mesaros 5, 2018). B 7} d|o] €] Al o] -9 At ghdlo] F /N &) A groba] ALg35}
Z] ¥ktt. Tampere University of Technology (TAU)O| A] 2018 5€of| A 8L 7HZ] =% St d|o| gl o|t}. §-H 2]

1071 2] AJo| A ZY2E 107] F-7-2] &3F %W (acoustic scene)o] E2 F7F 2] 7|72 =50 =t 10719

L3 AW o} Zro] AY|, AQ], BT A 7HA] F8 AR Bolth

o AU 3% 4WE, AHE S

o A KR AL, 35 FH, wEFol T A, &A T
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Table 1: Dataset description for DCASE 2019 Task 1B

Datasets Indoor Outdoor Transportation Total
Training set 1,885(29.6%) 2,564(40.4%) 1,905(30%) 6,354
Validation set 819(28.9%) 1,193(42.1%) 819(29%) 2,831
Test set 1,297(31%) 1,604(38.3%) 1,284(30.7%) 4,185
Total 4,001(29.9%) 5,361(40.1%) 4,008(30%) 13,370

E, 54
dlole] Ale Ee/m7t dlolel 2 thrlo] Q9L o] u&-& 217} 70%, 30%0]t}. 2 EBol Ak £ b
= Yol ]2 70%5} 30% ¥l & THA] Lhiro] st olu) @610 s-go] FaE wA o}
dhao] ulg-L E olEjsl 7% HolE, A HolH¥R A8 TSkt 7t glole o] e}
dlo] ] A19] H]-8-& Table 13} 2k,

3.2. §|0|E&| 22 7| (data augmentation)

glole &7t 71H o2 mixupE AFE5FTE 98 1A < log mel-spectrogram, deltas, delta-deltas T % &
mixup< ©]-§5to] S7FAIFTh Mixup 57 712 7]1&2] DCASE th3]o| 4] gho] 2291 F7F 71 o]t} (Kou-
tini 5, 2020; Hu %, 2020; McDonnell, 2020).
Mixup2 B39l t|o|E] 57} 7| o] tf (Zhang 5, 2018). 7}EX| o w2t 2 M ES A2 thE BES
Ferohs BA, 1 e ohe 5413} 2ok
X =X, + (1 - DX, 3.1)
y=Ayi+ 1 -Dyj, (3.2)

A € [0,1] o]H, o]= w2t E 7} ol HEt RN BE FEZHUH 5, fla, @), @ € (0,00)°]T} X9} X;
= A& o HlolH AEelH, y,et yi= 2 HlolH ol gt ehllolt). ai= 042 A5 Zhang 5
(2018)°| 4] o 9] ZE-Z 0.29} 0431 o]-8ato] AR oflem, 047 2w o FUTE T, tHE Mixup &
A Bopo] A8 =E S0 A& 045 Bo] ARSI 9lo] B AT N E aZhO R 045 AHE STt
dloTe] h5ell 91o1A v Epoch®] 2719] 4 Z ket mixupe] o]3t Fo] s}k 2749] E#.0] mixupel
Olsf] 17§17} At A& 51, x1, xo7F ZH2F o7 1081 Hlo]E o] 11, yy, y, 7} Indoor, Outdoor, Transportation 2]
371 F59] epdloletar & off, off et &2 Tl ¥ 7t Ql& 4= At
x1 =10,0,1,2,1,0,0,0,0,0], y; = [0,0,1], (3.3)
x=1[0,1,1,1,1,1,1,0,0,0], y, = [1,0,0], (3.4)
& 7 o] o] ti sl mixup & 2]-8-6FH thZ3 o] =& H|ol el 7} A H ek f(0.4,0.4) = FE o] HEH
TEFEU A2 0.10] FEH T S, A EA A/ == mixup A1E2 OFH 9] Xnew 2F yoew & B L,
ol& dlo]elEo] Edo]d ol AMg-Ht}.
Xpew = 0.1 % x; + 0.9 x x5, 3.5)
Ynew = [0.9,0,0.1], 3.6)
Edo]d dlol8 = FY5HAl 1.2H, uf Epochuttt mixupo] sHEsHA 2185 o] B 5o] shsof A
|E}. Mixupo] Est2 =, v Epochuft} 22 Ao A LEEA]RE o2 o] BlE0] Sh5 5| A "t o] 2%t
mixup& T} 43S WA s 0] o]n]x] Role S Rofol A Hlole] 77| W 0w A5 AHgH L Yt
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33. 2@ &H
£ A8k (loss function) 2 ZH| 12214 3 2 A< E 2 1l(categorical crossentropy)S AH25H4 1, ofd S Elut
o] #](Adam optimizer)=S A}-2-5}53 th (Kingma®} Ba, 2015). % 7| St<5-E(learning rate)-2 10e3 2. E AR
AR ol ZFA §H(sigmoidal decay function)E AM&SF St5-5 A 7= (learning rate scheduler)E- ©|-835}
of rHES 10e°712] Aot shlet. g B tisto] EpochE 10002 Aot St & oF3it.
H7t A E 2= AT (accuracy) & AHESHE T 1] Epochutc} Sh55 715 %] (parameter weights) & #7455,
AF dol" 9] Aetert /M EA U winteh A& A2 st uiR]gels w2 A et R MR E
Aot e = Skl o] 7HE A& Eelet B7t diolHof| tisf| B 7ol

.21

-

4

AITE 6 Yol 71%517] SAeto] Aol AHe e ol8-L Fesrgnh

e “ResNet” : Figure 39] (e)of] E@ L 0]Ql= 7|2 mdo]ct,

e “ResNet RF1” : Figure 39] (f)of] #AE 0|l 7|2 B2, 27] 9] 22} E53t #d 2717} (1,11 485
2 272 745} gl mol.

e “DWS” : “DWS”7} 29 o]& ¢Fo]] £ O™ Figure 39| (b) depthwise separable convBlocko] R & 2] S
T2 UAR Rds ojn|gte),

e “BIR”: “BIR”0] 24 o] & Qo] & © W Figure 32] (c) bottleneck inverted residual ConvBlock©o] 7]& R &l 9]
29 $2 A nAS g,

o “Q7: Q7 Y o] & oto]] E o Rdlo] 16bitE Quantization & -2 2|w|gtct.

e VGG16: 7d Afo] 27} 3.3) 0.8 TAHH 167] =02 TAH VGGI6 RE 232 A-2351At}. 3712 24
A5 FEohe /7] RES fI5to] VGG169] np|df 22 Flatten #] ]9}t Densed] o] o]& F7}5}od
298¢ 74519} o] uf Kerasol 4 T 5ol ol RU& ZejebA] AFgaheich

e MobileNetvl : depthwise seprable convolution®| S§4] ofo]t]joj2 ARgo] ¥ MobileNetvl 9] L5 AL&
5ttt 3709 S AE LESHE BR7] BdS 9]5}o] MobileNet v12] nfzjal HE.O Flatten o] o] 9}
Densedo]o] & Z7ksto] D& 439tk oluf Kerasol 4 A= ol5l B8 & Balohd A85}oc.

e MobileNetv2 : inverted bottleneck residual block-2 A2t} E MobileNetv22] A3 L2 & AFESH Rdo]
t}. 371 9] S A5 FESIE= BE7 7] REl-g 9]5to] MobileNet v22] nfx]2t BE.O Fatten 2| 0] ©]2} Dense
dlololg #7teke] REE FAdasict ol Kerasol 4 P ol9 BeL Hajehd ALgatelr.

Table 29} Figure 6.2 £19] B elo] that A7 AT+ HojZeh. 2t BU-S 108 EIA7| 1 Bl 2E et

7} melof tf gt AF wlolE ol thigt ol S Ao, HAE Hlofgof tigh oS A, 7 Bdlo] 37], I AE

dolE1E l&a o) el A17hg ol Walskgick. Betwet Aali A7H 104] 7o) B 71 %01

A, BEHAE ZS Qho]| 7|5t Table 29] 1, 41 R dl-2 depthwise separable convolution©]1} bottleneck

inverted residual convblock Z-& AT o] o] & A}85}2] ¢F-& Al SHAF o] o] & AF_s o]t} 2, 3,

5, 79 R4 o] 79 of+= depthwise separable convolution?} bottleneck inverted residual convblock-2- AF-83+ 2

dolct. 7-12H mdo] A -6 mdL 77} 16H] EE Quantizationdt Bdo|t} T3l H =50 4] A otst

el 9]o], ¥HA © 2 Rro] ol ONN RHlel VGG163} 2 d=Rol 4 ALt Zerst 70| Aletel mel

©] MobileNetv1T} MobileNetv2E S #H A| 7] 1 €| AE5} T Table 29] 13-1590f ZF mdlof tfsk ASt: o}

e Ato] 25 7] &t WA LR CNN 1221 VGG16, MobileNetvl, MobileNetv2 2] Test &t =
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Table 2: Experimental results on light-weight architecture. Each model trained ten times and averaged

accuracies and evaluation time are reported with its standard deviation in the parenthesis

Model Validation accuracy(%)  Test accuracy(%) Model size (KB) Evaluation time (sec)
1 ResNet 92.94 (+ 0.24) 94.57 (£ 047) 503 5.15 (x 0.44)
2 DWS-ResNet 92.48 (+ 0.52) 93.46 (+ 1.00) 78.51 4.49 (£ 0.44)
3 BIR-ResNet 92.34 (+ 0.64) 93.83 (£ 0.47) 95.64 5.36 (+ 0.01)
4 ResNet RF-1 92.96 (+ 0.41) 94.94 (£ 0.46) 375 5.35(x0.01)
5 DWS-ResNet RF-1 92.60 (+ 0.40) 93.85 (£ 0.56) 92.01 441 (+£0.32)
6 BIR-ResNet RF-1 92.32 (+ 0.56) 94.08 (+ 0.81) 97.01 5.24 (£ 0.32)
7 Q-ResNet 92.95 (+ 0.24) 94.57 (£ 0.49) 255 2.97 (£ 0.43)
8 Q-DWS-ResNet 92.44 (+ 0.52) 93.48 (£ 0.98) 42.76 4.70 (£ 0.53)
9 Q-BIR-ResNet 92.30 (+ 0.66) 93.80 (£ 0.50) 52.07 3.21(+0.01)
10 Q-ResNet RF-1 92.93 (+ 0.43) 94.93 (+ 0.46) 191 2.76 (+ 0.52)
11  Q-DWS-ResNet RF-1 92.58 (+ 0.42) 93.84 (£ 0.58) 49.51 3.30 (+ 0.33)
12 Q-BIR-ResNet RF-1 92.32 (+ 0.60) 94.08 (+ 0.83) 52.51 3.19 (+0.15)
13 VGG16 89.55 (= 0.64) 91.05 (x 0.64 170,100 15.92 (x0.48)
14 MobileNetv1 89.82 (+ 0.52) 89.75 (+ 0.71) 238,300 6.99 (+ 0.72)
15 MobileNetv2 89.47 (+ 0.65) 89.69 (+ 0.60) 310,500 8.80 (= 1.72)
95.5
ResNet RE-1 (94.94%)
95.0
945 /o ResNet (94.57%)
=
B
§ .,_——-—"
< 94.0
- DWS-ResNet RF-1 (93.85%)
e
935
93.0
0 100 200 300 400 500

Model size (KB)

Figure 6: Graph comparing the model size and performance of proposed models. The green dots are models

without any reduction techniques, the blue dots are the models with depthwise separable convolution, the red

dots are the models with bottleneck inverted residual, and the grey dots are the models with additional 16bit

quantization.

91.05%, 89.75%, 89.69% &, Al A1-8-5}31 2} 5l= ResNet, ResNet RF-1 23 ©] 94.57%, 94.94% K.t}
SAHLE fFolu|stA dsol oF F e th(t-test, ZH| =Y 174 48, p<0.01). VGG16, MobileNet &
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FEo] debgo] d= oA Yl Ho]F 8h5-80 = At ¥, & 242 £ Hlo]E+= 6,3547H 2 VGG,
MobileNet 2¢J-8 uh2 Z-ga}71 T44¢H BA]7} Ag .0 2 mhepsick. ol Koutini 5 (2019) ofl4] 7]
ojm| 2 dlef A At BEEo] ASC Ao vEE A-go] 2 SHeth= A7 ATet Y|t A4 7|2
030 2 A3 B &8-S ResNetd} ResNet-RF-1 o], DWS & #25lH &
o= Ao e A ht-test, F-2]4F 0.01%, 2H2Y w4) o 1.1% L] 50| 2 dsatol=
27 gFe 2102 Epdeh Hh e 27) oF 369 £O1E AL 2]
DWSE %8 MobileNet o] 28& 1] 7] ST A% o7k eEolalis 12 % 4 9lek. BIRe)
2]-g-o] ol A & ResNet} BIR-ResNet -2 A4 © 2 §-oJu|gt 2po] 7} B G] O U(t-test, ZH| 21| w7 2-&,
p<0.01) Az o} 0.5% 0] Aol 2 Ao} §igli, B 271 2 EolEE AL AT 4 Alrk.
Quantization 7] ] -8] TAE 6717]9] RE 7.$0] tfa) BAHC R elnlgt zfol} WA oF
ore. Figure 62 55 67}] Quantization 4§ BHE-S AHHE Afo] 2 ¥ho 2 Z|5t Sz A o)
HSEE 1% 4 ek 7 e SRS 7P mYe uhe Convblock 02 Aol (1,1)) BAF
fojo] & & ndl2 HI k= 94.94%0|t}. uf2]9t Convblock-2 (3,3) #'d-& & RAI} v WS o He e =
0.4% oA 1 g 7|5 oF 170KB F01E 28 51915 4 9l}. Koutini 5 (2019) o 4] A|gkh vfe} gro
T8 A (receptive field)Z 1123t t A1) 5ol o] B2 ¢ 4 Ut

Table 20]] Evaluation Ho]&] Alo]] tigto] o &3 wfo] A7HE 7|&stich. A A7 By 37] #t
ofyet B3 groll A o] A4ttt Tdo] glo] BE A 7|7t Atk Ay Ajzko] & A2 ofyA§t, VGG,
MobileNetv1, MobileNetv22] B3 Alo] =7} 100,000KBO.2 & RFEL2 APA|7to] tha 71 Ao 2 et
ot SEAIRE, g 7R Q] HlofElof ol &2 ity A7t of RE BEo| HlolF skt 0.0013%
u|qto] A|7bo]| A AE wgith. o] = AA| AHEE o] ZAI7 gl ot

Figure 60| A= REE 2 Ato| =2- Aot s T8 B2 vlwstgith. 254 o] Z=ks} 7y
2 A2 ke 7|HE mdo|tt ot o] DWS ConvBlock2 AF8-5F Rdlo]w, #H7EA 2 o] BIR ConvBlock
2 £ ndojtt gMAL 7 S 16bit=2 Quantizationgt R@ o]t} VGG16, MobileNetv1, MobileNetv2
of 2% ARkek we o] Apol = Ao]7} T 2E FA) globz T 4 LB Figure 60 ek}
Sporeh. 254 41 = Jlo} vt 9] gl 5141 % 1S vl LohA Quantization 1§ LT A-S
HlZal A Aol 2 o 2 Fo]Eas AL ShIat 4 olck. Theb A, Wkl At 224 HS vl
), HEHEL HZa AL o7 HobAAI Afo] 2 30 o] ZO1EAEE U 4 Sl

flo

5

2 =RoAe SF A 25 EA0 Boto] Had RE-E Ateta o= s 7leES A8l Hlasks]
o & fAlshEA o] mhetul e} QAtEe Fo] BYS ML J14S BT el
MobileNet v1o]|A] AJSHE depthwise separable convolution} MobileNet v20]| 4] A|2t% bottleneck inverted
residual convolution, 7121 Quantization®] 23F A A B2 Bof 9lojA &k BH o] Afo]RE ZojFL 1)
5.g0] 2 Aozt skt

)

convblocks &85t BEl-S FAJ5tal EAIX] Ak, 93.46%, 93.83% 2] AL EE AUt BHE Afo] ==
78.51KB, 95.64KB=2 Z%=1] o] 58] o]Af Zo]& ZAo]t}. o]of upgt 2 ¢ Lof A= depthwise separable
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convBlock¥} bottleneck inverted residual convblocko] & Afo] 2= Zo|HA El o] 452 H|Z=oct AL} oF
ZHke S 98 5 QlEke AL Shelsteleh. B9 Y % 714 16bit Quantization o] §5}e] el
Aol z o2 2013 BY A5 $AT 4 8L T 4 Aotk

FF AFolAE TRt SRS 71 S Aol tiste] Y A9} 7] &2 2185kl ANTNets (Xiong
5, 2019), Pruning (Han 5-, 2016), Binarization (Courbariaux 5, 2016) 5-2] t}oFst ZaFs) 742 2 85 & o
goltt. 2 Ao A= 714}l A= 16bit QuantizationT 2 TLE of] 2-§-5} A0, -5 o] A<= 8bit
Quantization& F7h& 2G40 Age o €2 4 & 2ol 7l & 7ol = 2l Afo] =7}
o5l utet Bd o 5 AR e EolEthe s gRIsHA] 2ottt % Aol s B Afe] = o] 9] =
ArE 2L 5 e A FE 7S ARt AA 282 o 783 7ol 2 & S Aol Bt oy
£ tlo]® # ofyz}, oju]x], AP ElolE 5wt dlolEof tieh A7 ISR vhefet Fofel 482
% 91& Zole} 7| efgiet.
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SF AW e v e mdo] =ZFH &7 o] ofH IR B/t 2ol ol = 2 F AW
3]l DCASE 3ol A FrESHA ATE A E EoFolT. “Zﬂ & 2opll SF W E7 2AE
L& JEstofof gttt E5] A 7]7]0l H-&5t7] floiAe A Held BEo] st

o 7]§0] 285 ofg] rEl-g v w5kt HA log mel-spectrogram, deltas, delta-deltas T % & A}
ot A= AZA(CNN) 715He] 7] 2 2el-S A Rtsheich T12jar A o] H/dF 5= depthwise separable
convolution block, linear bottleneck inverted residual blocky} ZHe G821 JrAF EE 02 A6t Z+

o] tisto] QuantizationE A-§5to] A RA-S ARttt A3t 7|aS et RE2 7] mdlo
tjHlste] Aol HlstAY 25 B2 52 EUAR e Alo] 2= 503KBo| A 42.76KB =& 2Foll A&
ghelsteint.
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