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ABSTRACT

Music-motion correlation attracts much attention. Many recent works focus on
the motion generations for dancers and musicians, but few works for the conductors.
In this paper, we concentrate on the music-driven conducting motion generation
approach, which aims to generate the conducting motions according to a piece of music.
Specifically, we first propose a motion decomposition method to represent the macro-
and micro- motions by decomposing the movements of articulations in the temporal
frequency domain. The low- and high- frequency signals are utilized to represent the
macro- and micro- motions, respectively. We then feed the signals to a two-branch
model and associate each branch with a specific kind of motion. The composition of
the two branches produces the final conducting motion. Finally, to train an effective
model, we propose an noval sync loss, where the perceptual features are learned from
the contrastive correlations between the music and the conducting motions. We also
build a large-scale dataset on conducting motions namely ConductorMotionl100. The

extensive experiments demonstrate that our proposed approach achieves an impressive
performance in generating the conducting motions.
Key words: perceptual loss; adversarial learning; music motion synchronization;

orchestral conductor
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1.1 HRER

TR SR A1) R 3. B i 0 RO B PR R BB — - — A IS AR
TRIERAR 5 ZARAMERE, CARRN—TTARFE RN BERNREESE
R 2 AR, T R ZE I SEN AL TR TR . R TR, BRI RME R
B33, HL [ DR — 8 (XU 5 28 K T4k B TR FE 2 S BRI R SR S5
PERERY ISR T, N TR AR 2 8 Rt 2 R0 N 2R SR BT B b 2
Mo W CLRAE AR SR, Z2EER, FRER. BEZARENK
ZIANFZEARIEA.

SR, 2 FE0FF P85 Z AR I S 7034 L )b, B 32 21 ) ) A 28 AT 55
Bl RS . FARA] . HZEERA RO AT, BIE R
BN TR FESN VAL AT S5, Wang 58 A 7E 2003 SE42H T B MR SME A O
P BEJE, JURRER TR A AR BT ik PO 2 g 4 Y, (HIX e 7 0V R T
%) HSE ARSI E R N FE AR, S BN E S R, 2R % . Dansereau 4§
APHE 2013 fFE4R 1 — TP T LA 2 T B4R HE DR B 7k LARLN = & 22 i)
[P0 2 38 ), AL VEAX e 1) 5 PROIAR B PR IR 18] o 5 SR IR BN IO FR HE IR A AT
550 LA N NAR SIS R o T B30l 5 . 3 AR 55 5 A Y
FAFHNE 5 A AR R g0, ZE IR BHE B IIMRS . BT RS
PIEAS B LSS N AL AT 55, 908 SR IR B R FR 3 AR AE BN A7 0 AR SN
PRBNAE SR A A IR O BIE 78 SR 5T 228 LA T AN 2
1.2 BERMIRIR
1.2.1 EFREFIIMAKIEER

BETURBE 2 S I NARBIAE S5 1R A2 AR 1 2 DA SIS (R S 5 o0 A, il
IR B 2 21 7 AR S 2 TR P BB SO ORI NARBIE, B 45 15 & B 7E 4 i
(speech gesture generation) 2, i1k N4 pl (talking face generation) B4, & 5K

RSN A SR FE AR B (music-driven dance generation) U2, DL K% AROKZNIF) bR B 22

FIVELE R (music-dirven instrument playing motion generation) UEEZFINH , 58
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JRIX FEAT 55 e B2 R Bf AN A5 B PR AN AS R g AT 2 20, IR S 2 R
IR OR 2. SRR, 4508 ST, AT DA RS 2004 B N AR R
et M SRE N ARSIER A SOR — R4S (ill-posed) [, &—XfZ ]
AT o IR LETRI ARG T NARBIAE 1) 5 AR A AT 55 IO MEFE o« FEVRFE 5 3] %t
A, NARBIE RS AE R 3 B i B T A R I VR e i, BITER 1) 5 40- 3
VR PR B R R 5 45 78 B AR A S AR L IO RE ARV A At < X R0 VR AR s 1R
M rErEZE, WIRIE R, HA2 RO A 0 P Bk 2 AR, BREE AR it
BRI, I RR SR AR N B T ARSI A A AT 55, IR T — 8 ) o
FETR, ACH IR TEFAT N B T
(1) ETHEMRBENERSZE

il 72 AR AR 2 B ) B L4 () NARBIAE SR A AR BTV o IR BTV B i N\ 22
AR, TR BN E S SR B EAE A A (R R RR IR ER 2 (LyBRL,) 1R
SR BRECR R SR 5 5] o )R, XTI R N A B (14 5% A AR B ] S A
A AENE R R 25 58 SR 51, R U 45 SR ME— ¥, TR LR e
FEPER , 7ESCAHR[20], Yalta 258 A\ ] —4E A4 M 2% (Convolutional Neural
Network, CNN) #EHCE SRS AL, B85 (38 KA HC 12 M %% (Long Short Term
Memory, LSTM) 2> #h{E 5 & SURFAE 2 18] A AR RME o« B8 Jis 78 SCRR[3 1]+,
VEZ RN T —Txt L 2% Ccontrastive loss) {#14: R MIEN1E S &ML, (EIXFER
SRt (A R A B E i B, B AR, Li 25 AR 1 280U
CNN-LSTM HER 484, {H1Z% 759208 B MIDI #% 2010 35 500 N, R 3 J 1k A
K. MeAh, WAHFZHARA GBI LSTM BRI S 190§ T (Gated
Recurrent Unit, GRU!'Z) k47 A plg(2AIB7IB3ISINONGIIT R by T Fify SR FH 144 0% £ 1
¥ (Mel-scaleFrequency Cepstral Coefficients, MFCC) %535 i AL £E I 7] _E /&
AP, X7 EA SN E A & IEBR R SIS . thsh, BT Ik
5 MREM 2R (train-test divergence) FEMIIRZE R, LSTM ALK
AR ENAE G H AE — B I )0 e T A S INAT - ghhh, fEiX —4145 | LSTM
BRI G A fae P, ML, SETH RS L8 ) A4 o 31 BB )
A DATE — B FE P LI i S ) i, Ak, St MAT I Transformer A5 4102214 i 7
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FIAEIX A 55 BRI, IR 1 NENGURZI I A SR (EARATT 475 1S it
PERARY, oIk MG S A N A R R B

(2) ETFEHEBHRBWERSE

UEAESR, B 70N GUATTER 0 R B s M AR 55 [ A i SR e ARSI (R4 1A
PSR — T A A2 AT 55 b e DAt S R SR g, R T MR A R ) 7 9 5 1 Bk el
ZMER . S BN, MRS AR R B B S ARSI 1 2% A A R AT
TR, IXAH AR R AN D6 P AR B LSRR AR e 4 — BN B E, £ e FE R LR
T BT R R R PR Y ST O T RS, RS LA P R T 2 R R A
B, AR 5y F gt et . AR ORI . AR, H RSN A T IX —
55 b0 SR, 4 R84 BE T 2R B A 10 AR R T VE TS AR OR B RD A5 2R
[SIBSIARIBONABN - ANy, AR S i ke R ).t T 75 SR L
YRR AN TIREAR [0 V45 5% 1 4 Jo B DA I8P 0 PR AR B SR, i 0 1) 88 ]
AR B VR ) A s TR e D T R AIE AT = A 5 [ U5 SR A e S R 2
WA T7iA, FA SCRR[2210[28] 76 4 1 [l E i R A o R, SCHR[22]
1] PR A 50 T B PR Sk S 8 A AR AT % (U HE Skl mA I 1) 3 4k &, B 2 20 0%
S 2 2SR DC RO, T SCRR[28] 51N T 5650 &AM B (gesture phrase) M
BAERE, ok TSN EIE R TR, WIRS] IR N 5

(3) ETIMESMEVERTE

ENVE T RS NARBIAE 25 AR AR AT N o) — MBI R IR &3 o, 2%
R A 0 B S5 o AR A 55 R B 0 1 o SX RO VR el B 21 (V) SR R B A A LAY
T 73 N FERE 2 R E M B TT, B ST AR X S B T HEAT R A o XA
AR B TUAEAS [F) B SCHER 9t et DAL R 44 FK, 140 Choreographic Dance Units
(CAUs) %1, Pose Fragments %), Dnce Phrases 0125 . #R1fj, ixe&)5 kb REntsh ik
BTG [ E T AN AT 22 2) 1, BARAE R S g S N € o X —TJ7 51 T
SRR AR AR R, 5T R A 1A ORI 2 AR G BITARE (1 R Al S
YRR ITRUDIN, XETTRERMAZE TR RINTNE) . & in R ITVEAE T3
A2 SR BN E BTG Lee 25 ANU2IRN Li 25 A\ W6143 i B 15 S SHIRZ IR
(150 576 (Dance Units) MIEOCEEES (Key Pose) M0, Ffilll 255 2 Ik AR AY
Km0 TP G BUE R GRS Z I BNE . XL GTE T, L2
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— B BUR S SRR AR R B S R AAI R 2 A B 0, WA 1R 22 A
L LSBT A 5 SR R Al 67 AT 2 PR AR TR (1 2 ST RO 5 DA B IR fi
TGRS RL, A — 25 B Gt A (e s R il AESCHR[41(13]7, WF7T
N SR NEER K EZR LS HE 7 N T A T DR R E 5y, FR AN
R 5350 7 2 IXEE AR R R R SR, IXSRTT IR — BB B ARSI A
Al 73 e M B AL R, TSRS AR ANt o PRI — B RE 2 45123805 R A2 B 3l
VR Z Hh ik

(4) RRINSS50H

e

15 A AR R SRR 3% 8% |, L GRU, LSTM, CNN-LSTM 2| £:iL ) Transformer
B, WFARN AT T2 AR teoh, S P S 5 R AR T
7 BB TE AR M R AT . A SO, TEREA S (B P AR =M
oA EREMERI A0 Py, BLSEENAE I 53 A0 Pygrq YA S L SEENAE T & Aid% ]
B SMEEDAGR, . 54 STPIMZ (Generative Adversarial Net, GANP7) %5
B AE BV A OIS DY 255, A IR 2 A5 R R 8 LI 4 P R 7] Py o
SR, QAT IN A& A LI, 815 Pg RIS 75 & P AT AR A2 — NI R AL 4 il S
BTk, A MR A 2R LU G (5 P [ A8 2% o HC S R PT RBAE T IR e VR A 4K
B G IE AR BRI 5 FP R B AR, DA P TP i, 78
NARBIAE R S A i) R, A0 Ae e DA 152 sl VR 5 N 2% AR A 2 1t 5 4
W, AR TR BRI SR R S HE A

1.2.2 RENIRIERNERA

SRBNEHE SR IR SN 1) I v SRR N FRHE B AR R BOE B S, 5 5RES
{5 5 K& (Dance Information Retrieval, DIR) [BI28{3], 53 K5 B R (Music
Information Retrieval, MIR) M8I581 S s FEAH G . AR BAARHE SN VE B ENH AR I 72
B AT LB E) 20 tE20 80 AEARTL, JLHAEK, BEAE THENLEL Ty R 5 S LA
SJEWIT B, SRR SRR AR R ER RE, 2B Tk 2 5 1
K. HAEHMTES FEQFERFETHIES (beat tracking) BB, 4300
(rhythmic pattern recognition) P30 J#Z2 %l Jj] (articulation recognition)
[SSONTISSISA 45 J R 1) (sentiment recognition) O4% . IR BAFE 1 S 1 I RN BV 1)
— WRCIRAR A S JSR AR FE BN R AT S OB RHIE, B4 G o BRI Bk
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e HBMESS, HOCHE A T U A RS R I s A F 1) s 2 8 XS 2. B
RIZHARRFAE SR BT ¥ 32 ER AR 5 7 FERFAE (K 7 ik I 5 3 AL 85 2% ST 1 5
72 DSOS, SR ARSI BOR A T Z B 5%, i T 4 R
B 5 BB SE (Virtual Reality, VR) $EA 22 B2 DU [ (C2IIS7IR0T6N, 1) &
WS B =k R (BE S RS A e R AINE =R £ D E SH e

(1) EFHEFERREAEZE R ERM

BT HREESNE I I E S0 JZR0E. DARE SR 1% R I SR Z R v JEE A K
TEVEZNAE R . I BE A5 20T LA R g R AR 3 S 1 AR e R o o i,
Sarasua %5 NP2V IG5 (1 70 4 T 0ok B I FL o B4 BAE N ER-E, it T —
AN T B AR 1 4 5 R U R R AT R AT HA BRI o B S TE SRR 7], 1EE ST\ TR
4B (Gaussian Mixture Model, GMM) AR 77 FERFE HEAT 15 29231 501 « 23l
Lee %5 NAESCHR[54] {5 H K-Means SRR FE RN TRIE S AE K15 1845 B IFidkAT
Ak RIS, 5 SCHRTSS] A AR & i kB FH 3 A 8 B 5 sl P (i 341 5 07 254
NHFAE, Z56 AN DU 73 28388, o mT DA Rk 56 56 s 2575 17U . Cosentino
2t NSO 8 I 2 70208 (Principal Component Analysis, PCA) X 4E4ESH1E )
T A S P4 DA 58 AR )1 400 5 R o B2 AR 1R o A B S T 7 BEARRAIE (1
JIE T R RV SR, AR ) FERHE 2 8 R PR A B A B . eAh, T
AHEZIRET), X TTERIHER R 52 R 1 .

(2) ETHEF S FNEEIERA

FEZTR, SIANLER 2 2] et KSR TR S IS v 2 O A SURFAE A BE T 5
A R I HRFESNAE B A E R, AT 58 1 B8 D9 52 2% ) AR BA TR FE SV IR A
5o XPFTTBFEE TR G S /R KB (Hidden Markov Model, HMM) (#7772
(561 FFBh AT A AE % (Dynamic Time Warping, DTW) [#) 5 £ 1601 LSTM [¢)
JTEPE Karipidou 55 NAESCER[S6] A 1 — MEAFITE RN SR FEAH R 2R i Y
TREZNERE S, JEFIH HMM BRI 304 28 & i) A [E] 15 26 Schramm 4%
ALY ChinShyurng 25 N0 DTW 702488 ) T 0 B IR FESIE I 2/4, 3/4, 4/4
3. Beht, FESCHRR[591H, LEAZ I 8] 7 1 FRINAE 55 B IRAS 1) 2 D i) LSTM
4 S T ORI E h & R S5 M. IS ZRE(E B
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1.2.3 FREBIRIEZENIEERK

5 UL ESRBAIRIE S F MBS AL, & AR RS R 5 S AT A2 AR 78 AR X
AR . fE 2003 5, Wang 8 NFIBEH 18 A& SRR MR IE N AL 0775 1207
Tt TR HMM RS, S g i 5 7 48 = FRe e O Fa 45 sh 1 .
JUAd 3 - O £ A= Bl 77 3k POt S 4 B 1, (ELAdATT 2 e sh A 1) 2 R PR 22
Dansereau %5 NPHR 7 —FhIE LA 27 ) 4R SN E T 57 3% LRI X = & 25
[ 10X 2% SE AR ) L, (B2 ¥ AN e I T LN AR L (140 B i) o B PR L 5 S X3 1)
TR SR RONE R AE BRI 1.1 P Hl, SRS R A AR5
T2 TR IR L 5 S 7 M RN 28 3 SR Bl I F R FE s R 2L A 55 .

AT RRANTAN

Wang# )k (2003)

A, A A A
Mvwkuqw
Wl &b Y

RuttkayZ A (2003) Reidsma%s A (2008) KatayamaZ: A (2016)

B 1.1 AEREME RIEEE T EE T AR E

A 40 ok N T B U R NSRS VR BT 7Tt Jie , mT AR S5 H DL R J
BHEAL. 1) IREAFRIESIAE R 48 A RF AL S BB BT M — ) AL
AR T2 S (VRFAIE o A2 WLAS 2 o) R It B AN [R] 2 3 S5l T X — AR 5%
SR T 4RI SR R B8 AN AR o R SHE 5, 2 T BRSSP 7% L
oA RARH 2 I 2 S AE AR BAFRFE B AR RN AT 55 B IS BT, (B H AT T &I R
TIEWHICILAR D 2) FEIRFESE )0, PSR Sk A AR AT 55 (B aniE & -3h R AR
Ao B OR-SREAE D TR ERUG T ECKIIBERE, XL VAR IE S E AL T
55 BN A AR R B 0, A5 R O JE TR 7 ST R s VR A T VR

s 3) BUARATRIE S B SR IR AT S T RO B B, AT AN EL3E DAHE
B4, BInEERHE 248 (motion capture equipment) 15 14: 1 & 817G (Inertial
Measurement Units, IMU) EAJZ R BEAHNLEL RGB-D AHALAE . th4bh, fadEahfE
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ERIARIE (BT T590 S SZA 1§ B+ 27, Hf Z L& R Al
SR P AN T PRI BR ) 57 SE KR o BA i P4 A SR O R S, PR 1 L8 2 S BR S 2
SRR RLLE T [ AR BRI SR AR 55 Bt — P IR e S N

1.3 ZAXHRAR

ARSI LT ) PR HE AR (R 46 AR A X — 155, B s 1 SR TR 1R I
MNARSIEAERG BR . B B IR 7 S S 2 ARSI, W 5 1 A Be Bt
2%, XFEL o], BARE R R LM BRI, BT 2 PR AL
SRR ARSCE e bR AN RS AR i, DA SR 2 K H K FR A B o iR
E A B S B, R T I SRS iR A B S E AP AS AT AR 1 R
PR S, ASCREG B B ) 5RAR I ORHNEOR, SEIl 1 A 4R
EARIEEN, IFLEBLIERE A B - R AR U SR B SV R A . kb, R
SCIA I 3 WSO EL IR K R (R A AR S, B ARSI A T
SRR, DUBMR M B RO A T KRB I Fa SR B 4R . Bk, A SOk
LB FE N LA A5 N LR =

(D) FRFRIIESERI DN AR R : 41 0F I8 72 (R 8ah 1 2) ot - i I
TR EAMALX — NG BRE, AIRIES IR 70 Rt A, DAE SRS
TR A M R TR R AN, TE SRR A USRS 2 S MEFE (Y[R, ORAE T 4
FESWEAE N AR AR ) B SUE BASE 2R, SRS figrbod T 5 o vk
AR A SRR

(2) FFRET B B2 I MBS ERA: B E B I RS
H A RBR 770 28 5800, T4 m AN 2k M2 dE 0 2 . B XTHiE N I =
PN GAT S S AR o A SOOI R X PR TV E e B4 &, AR A il
B2 IR N ANAR R I 4 BTN R A 55, SEBIL T v BEE T AR AT 95 ) S AR 5
(TR

(3) BHRET RP RSN TR RS E AR BUA IR E s EERTT
VA BT R B T HLE 7 S 7%, A SRR 7 AN TR 5 ST T,
BEOGAE R NS, ET, 28, HS5&REHFEDHIEENE. i, %
TN AT Y f) A e A A DR Dyl /53 1 [ 20 1 2% 1 M B A SR T R T R B T
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B R o A SCHEH 1738 AT DAAE AN B3 R BT O A3 ROt IniZ 20 4
H 2 FEVEASRE I 2588 AR (K 18 0 T FEA

1.4  AIELAEH

RICHLBEMITR : B — T A%, MRV S ARSI TR A
RS TN A o B8 — BN IO T 5 A SR 7R DA DG IS S B B
2] 2.1 1) AEROPUNES B 2.2 39 SEGEHUREIAR GF 2.3 49, =
A PBAIIG S R 3.1 )T A B I S BES SRR (B8 3.2 1)
XA AR AR B0 T ik 5 DY A A A SR S DR RIS i 4 S A B a4
ConductorMotion100 Wi FE . MFESE L8, ASCEIE SEIETE T A i r ik iA
Mtk BfE, HNERA SO TAENE, BRI A5 IR
AR AR T7 1] o
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FIE HEXER
2.1 BESAKEES

H 158 %7 2] (self-supervised learning ) 95 7£ MK 5E N 4 € BABPRERITE LT,
B B B A Bl A 7 >3 J7 2. 1 B S AT BLy e AR a5 )] G
(841, ARCFZE AR B B %3] . Kaiming He $§HPY, B2 515005
R T 2%>] (unsupervised learning) ', H«H”i)& UAEFEIZhid FE
BT [ AR AR R AR S AR 2 o MBS o7 ST AR AE R B2 ) 1R B 57 S 5 Y
B, AR T e AT DLE AR G ) ) (superv1sedlearn1ng) XA
TCHEARVE BB, T LA AR ) e b 28030 245 e o B 1 s o 17,
AT IXAERI R, BB 1 — 32 302 U B BT, Hod B AR
M MOCOMY, SimCLRPY, BERTPI%%,

DAL B S AR SR BR T B — A, B MRS ek, WA
2 RN B LR T2 AFAE B RSB B BRI, IR T IR 2 s aS
) E B 2150 SRS AR SIANE, BEESK B RE S S
HIRFIER R TARTE X T B9 21, REMEE P23 2 S R H R R . R TIRE Y
SRS B B BT ETF QM) TAE 2 Zisserman 58 NU7F 2017 R4 H (L3 Net

(Look, Listenand Learn). L*Net i BtitiINrMLBEAHSIES:>] (Audio-Visual
Correspondence learning, AVC) K Wi A ) & 43i- GO0 2 75 8] J& T [R] — AR
FEAS, BE 2 ) IS = iR R ER . AVC ZHTEAESS (pretexttask) Y
— i, XEETEARS A S A RSP HOME, B AFHRER AT N H T A [F
IR AESS (downstream tasks). L FT EAL S AVC £ NZRHIL Net T
BUR 5 SO AT S, LR 2 L 28 m] DU I B 2 S il

B L Net )32, I REBHS B W I Ew 5 kR Mk e . 18
L3Net [%Efl b, Cramer & NBUXNTHFFRIR . BdRE . ISGEEEEE R Rk

17 TN HE RIS, #E— B3I 1 L3 Net FIRFIER S HILE T AT 55 L RgPE

o W5, Zisserman %5 N5 Owens %5 A7E 2018 “E[RINEN] | AVC % > #E K
PRI AE S R B8, £E20e - Verma 55 N ¥ttt 17— 2810 AVC L]
KW E IR E BRI — DI WG SR, BL ST 2 )15 R m PR SRR
Cheng 25 NSUE i[RIV B JIHLHISI NL3 Net, 380 T BAMEZS 2 045 B A2 H R

9
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8. Korbar %5 A 51 NS4S MATTERS ] F A ST, S0vh T Wil [F) 25 1 2
>] (Audio-Visual Temporal Synchronization learning, AVTS) MLl [FI ALK
W, AT AVC HIR 0 R SURHR SR, A3 RS EAt 2R T DAASEABE AR F) )11 2R BE A
Farg . B, Zisserman 25 NTESCHR[S6]HIEIIN T SCAMBEZ, FH . K.
SR ZABES IFEA RN B — AL RHE S ). 7ESCHR[89], Korbar 45 A
2 SRS TR %26 (Cross-Modal Deep Clustering, XDC), i )1l Zkid 72 i i) 45
TE SR RAT EAE R OPR RN GRS . SABL IR 52K ABAE SCRR 87T A 1R B 1
5 I FH 2 RS RAE (R AR AL A5 SR I 625 S N B v 1) IR SRORE AR, e dl G i
1 SRFE (false nagative sampling) 1785, /£ CHA[88]1, Patrick 25 AXTEERIZS (A s
B AR AR AR R R EAT T AT a4 5T U a9, R SR A
(¥R A 75 =G Al A0 AR 4 HESE  (Generalized Data Transformations, GDT).
WRYESES, 5T GDT HIJTEIE 2 DR AR R BB T 244 s et PR

2.2 XML

A AL ZE (Generative Adversarial Nets, GAN) P75 W R 7t 1812
UL AR B 2 2] e 5| NVE H IR Z — o GAN H#Z 0 AR R — XS i &
Pg (ARG S HIMEED) IR AR R T b & A& 5 oA . Forr, )
P LRUTT RE I DX 43 A= A i 1) 3 A P 5 SR ) A Pageg > TTAE FRAS HAT
SCAE T IR 2, K = AT N5 Py () M B P o X4 1K B AT 2o e it
WA P; = Pagra- GAN HJHAREREV (D, G) W LAE X 9:

mGjn max V(D,G) =Ey.p,,, [logD(x)] + E,.p,[log(1 — D(G(2)))] (2.1)

N Arjovsky 55 NAESCHR[66]H ik, DLALV (D, G) 55t S /MU PG 5 Pggrq Z T
JS (Jensen-Shannon) . o] LA 2P, 5Py AMEIEE A, a7 2E 1)
BN, XE T GAN AT EWERFERH. N7 FUOX R 8, JE
K FANTS T Po 5 Pygea Z IIBEES B BLHEAT T AR 24, Hh Arjovsky %5
P FE T Wasserstein 755 ) GAN (WGAN) A 3i#1% 2 —. Wasserstein
P B8 A R N 4L (Earth-Mover, EMD B B8, H 52 SUNE SUN: W (Pg, Pagra) =

inf  Ep [llx—ylll, BT CAERAR I —AMEER 5 A1 85 80 22 5 — A ke - A

v~Il(PaataPG)
ER B AR TS /NEFE. BWP 5P Bl Zm, 2RES, BT

10
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Wasserstein 25 [ 1l 25 #05 1] LB AL U BR . WGAN HAZ 0 JEAEZE TR
I ZAL T Pg 55 Pyeq 2 18] ) Wasserstein 5 25 . 15 F )55 834 1+ Wasserstein £ 25
PRI 3 25 12 0 3 982 — A Lipschitz SRR EL, RIFEAE—DNH K > offife e
SCF WA TAERR NI AR xy, 2,78 |D(x) — D(x)| < Klxq — x|, BIERE
= IR A S o 75 SCRR[951H Arjovsky %5 A $E H i 5 0 5 2% i S 04T
BAEE# BT (gradient cliping) SKjitihn Lipschitz FR# . i 7 SCER[96]H, Gulrajani &
Ao S I B A P 3 B 2 5 B0 0 25 ¥ S 25000 A 7E 5 A Ao, [ B o 32 36 B 1 1
BOE A UIARZE 5 S BRI RRIE . TBR 7SS (gradient penalty) B LAIEIS 1Y
TE TR 58 B Pg 5 Paarq S o H ] X M) Lipschitz PR, TG #1181

FLRH, B 5 18 3 J2 85 7 Py 5 Pyasq £ IRIAFABL 1S 2110 20 A Pe SRR 1S BIRE A s
T4 0 8 6 e AR R BEREAT PR . B, B TR WGAN (1) B A5

minmaxV (D, 6) = By, [D)] = Bxpg [DE] + Exp [IVD (O, — 1]

(2.2)

2.3 REEsk

AR (perceptual loss) VOV [ 7] A2 AT 45 1 — Fh i 2k B 4. SRS HAE
FEA A ) HEAT BR 2R B B Ly BRL, B0 AN ] 5 SRR K B e ) A AR 5 |
SAE A FEARAIE 2% [ v (0 R B o 3K — R AIE 2% [ 2 30 Tl R P A AR 22 ) 2% i 45 2]
B, 1Z M AR NG I 4% (perceptual loss network ). JHAARHE, 25 5 A5k
G, ARSI R B AR, FFE S H Ay KA REdiE SCHEAI L.
R R 2 N WIAERPERIAESS L, ARG MSE 7K Ly sp 5 BRI K
Lper 52 SN

1 n
Lyer = K90 = (@O =~ > willhy: = kil 24)
i=1

HA, (o) = [hy, hya, hys, .., hy, ] RS TN ZR AR RIS P 25 B
FAFEHREE, w1, 0p 03, .., w2 NEERIEEITEE AE . HAT, 57
T oW ) Z Wit HE A TE ImageNet ™S B 42 E IO ZR 0 FH T R 4 2K 1)

11
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VGGNet! ., 78 R 73 RAE 55 IR, fih e i 25 7 B R 2 2 FERISR N AR AL,
7 2 FIRFEA IR RIRFALE AT S i SO EN-5 850 M . Rk, 2ead BB a2R
55 VI SR RO 22 I 2% RERE LA 24 5 T o B 120 A L T SRR PR AR AR X S 2
AEZS A A SR AL . LR BRI 2.1 From: R 22 I 45 1T DASE O iy
MR EPAG KA (ReLU) K TFMVEH, MHEA BB RHE SN 2/ T2
MR, R R R JE S 2 (72], PREA HE B sE i 4t . B
A2 P 2 KR RV RFALE I 3 ORI A A A P AR SRR 40 5% R 48 I R DK A e AR
BEATAT IR R 2 R —— B A R AR S 80 (178 SR, 2 ms HoR A B 2
FBIT SO o AR AN TR A AR A S SR EREAR R e 42— 2, 1M
SR P A R AT 2 8] v TR R SR AT o AR F P 8 JR R 4 e G T
MSE K 2 FhERFE0T, JEA TR 2R X2 OGRS AR U /T,
Bl an UG AR RO, BB HE R 1P AR CT MU0, 1 4 4 g ol
TR BG4 B AL PIAE

2.1 ERME ML FENH R EE

AR T 2016 4F4% Johnson £5 A$& U0, 7E1d %41 5 4FHr,  BONK )
FHIRWT IS | — € Rk e . JUHRAE BIUGH  HF 4155 b, B AN K 1 5]
N, BRI RVEREE 1 ORIE AR . A — 85 8 AN TR] A S5 X R
R TGt . B, 2 AN A48 (Human Visual System, HVS) J& &, Tariq
S N5 AR B rb B IERAE J8 A By 25 0 e DL ST T e 40 2k IR B
AR 7Y B B AN T BRI RSOR BE B Ly, 91 AN B A SR 4 X 3. Rad 58 A\
4158 i H b5 & &0 4t 2k (targeted perceptual loss ), 8 i X 43 B4 o 5t

12
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(background). 1% (boundary) 5 H#¥x(object), AEUK A EE X 388 FH A
[ % 2 K

IRFNIR B TR 55— A7 ) R SRR R P Z IR % . Tej S8 NP, 7EAE
FIAEBE % T ImageNet Tl 2% VGGNet BN CHET BUSE  HrRr, &5
BURIA BRI G . (&R ZH VGGNet IITRIZE H b5 5 B G 5
Hr H AR AN UL G I B, 5 A8 FH A Faont 4t 190 28 m 18 ) 31l 24 S B i ok
P2 . S, TSGR E CT M m &, Li % AUHRH, £ AR EIE s
KHHELE ImageNet FUIZRINZSAE GHEEL CT BB RIIE UER. B, 1E
HFAE CT B S EIIZR T —> B Yl 3 A BRI 2 I 2%

WRIETN AT 55 A, AHE ST 85 S HI K IO 2% 25 ] BRI B 8
I ZRAT 555 X 24 B P 2 SR A SCRFAIE , (ECKRE (RIRFAIE A LA 5E RS A4S (1 2 1R 24
Ao BN T EREEM IS (X WA 5 WATHE. RO B MM 44
W (1 e SR SURFIE T, [RIR RIS SNV ERAE () FRAR AT o X 2> 3 BUBE AU 75 2 A ik
RASABTF SR IE N, AR EM RS ERED . BT XERER, SCERBS]H
PR AU AN R N 2% 1R B FRFAE TSN 2%, 1B T IR SN i i v )2
P ORVEZE SR, PR T BRI BE o SRR AT 25 {3 X 4 42 BB R RFAIE
FEAS RO ZHEAREE . AR E RSN, A4k MSE #
IR (TR AR T A 1 o X A 55 6 ) 8 B B 5 L S A 5 A e A 1 5 i
FRAE, B =18 S . 25 b, B 1) = SR B4 2k I 48 #0645 & B B RIBR 1 AL,
A WA BT — T BR8N 2 TN 57 3K, SR R AR AR DA 52 G T
B A AR SCOGT BA R (I STRR B AE T 3X — R FE 7 1) s 7E 3 24T 5510 050
R4, EEATFUIZ A, ARSCH MG IS (1 B B 5 I AT S VU i
2R 2 @ TR AT 55 -

13
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BZE ETISHES RSB EEEESRAN
B EE R

A ENMEARNEAIRED = {(X, YO L H X = (o 5Y = i
NI KNT (& BURFE 7 51 5 155 S E P SUREAS, x Ay, 70 508 St NI TR) 5 1Y
p4EE AR Ex, € RPAIg N CHE RN 2 4EB22A bRy, € R*. ARICIMESS R AERL
YD ENGR—ANBGTG: RTP — RT*24, A plixd MR SMEFHIY = G(X). &
SR BRSSPI f TR S B B AR S R PORIE A e X — R 55

3.1 EEBNASSIE S R

I TAEFRESE P FIN B INE R T8 WA DEUAERIHRERER
(9, B A 2 SYRETRY e D [ I SHE T 3K — ) il LA B8 e A2 15 R AR 22 B 1 AL BT
5 EWFEIREAAAE . Bl RDE — n) U £ R SR i, AR I R
DSISA0II1061 65 2 i) dsf gL 03T 3K e 73k AR o B L2 PR BRAR N AR B A ) 2
2k, T BRI AR A DRIREE A8 27 ST AT 55 e A D9 22N T B 27 SIAT 5%, AT
PR AL R S ST ROR . WA 3.1 Fras, IO il 5 2 TR 380 ks R R sh AT e A1
I Tt 5 2 ) ok 14 5 170 2 B B2 A1 810 AT, X7 PP A — 2 B 2 R
AL, T8I [ BRSO R BREE 2 E K. W 1 BRSOk /AR ED
TERVEEDTIE, 2SR 1 BN SORRARAE ZERI . Rk, J T [a] 50 fif
IR A R SR AEAE D0 RELANGE BT, 1 38 2 Pm) o i £ 5 92 U032 BEELAN iR i

R ERFSI 55 % =R SR 9> i

O
I

T
N

I
I

O
N

I

EEE
1 oroooo0o

OOOOOOE0
I
I

— A a]

3.1 FHE MR, ZEES RESME S HREE
ASSCHE B I B A AU A, A [RIIN OR B IR 3855 2 TR 3P B SCA5 2 I Rl
RN, K E IR BARIESIE 2 A ML SR & . B8 B S BLA &
T [ (R SR A A BUR S8 BV E AR, A SCR IR S E P B A s i & 5

A T BN 2 dE A € 5, il | 1 iR B IME SR R
14
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WAL IEEE R, M R E T IR B AEATAR B 1 15 & DL 5 R s 1]
A EE R KRR R B Y, o0 A5 B I e S 5 AR A3 B 20 I N Yaign,i
Yiow,: WA :
Yi = Yhigni + Yiow,i (3.1)

N T RFRFESNVEREAT I FE IR i, BT B EL R VE R SR — A B
BRI, AT A5 30 o 3 i U A I R B T SR AR BN AR 3 A AT /N M
19 3 S0 B 5 & SR, IXPRNENAE 73 f AL AU 43 A (14 7 BR J2 B I Th)
R, BERTEEEMNZA RS TR, &R TEERNZA R BT TfE
AT 5 i 2 18] SR T 23 7R BE AR K, AR S BT R AN 31— AN 7 3@ FH (4
BRI o BT DA, 25T ] 2 R L PR 7 VE R AN BRI R 23 Ak I R BN AE R 43 2 TR A BT
FE RSy B AT A AR 2 0 8 R B BOR AR AR 28, AR 23 B vh > B B i 8
B/ IN T AT v O o

A HEH B 7 f# (Dynamic Frequency-domain Decomposition, DFD) DL
fif PRI — I R o AN [ TR T[] BB R TV, ShAS AU S AR A & AR T 2R S
H B s F A R BRI . FAAHh, S SRR AE 7 8 X K PR S E IR 81 Y
HAKWE DI A R BX = [XE XA xR L XE L Y= YA YA YR, LY ]
TFAF—A P BOREAN (X[, v ), A 5 1T 28 A S X A5 0T I 0 5 2248
tempol (UL BPM AL , FHHRAE N 208 Xt T2 B BES (BL Hz
N

fij = %tempoij/60 (3.2)
THEARIE Y8 IS 5 =y I PRI 1 A — kR W A

W =2-f//sr (3.3)

Foof, seRMEITERS SRR . R ARSI b, b
AN BRI IR, R AN E LS e,
GE RN ENERORIA B, ENYY, o R RY, I AR 5 (A4

(SEF

15
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Yh]igh,i = Yi] - Yljow,i (3.4)

e RSBk BURI O SRS, H Bt REVE IR Y & PR 2 K Fa 45 5
TR N B S & . S EalSIIE I iR I SRR AR T

BN EIHHLERSIX,
PHONd,, REEFNscHRIENERFIY;;
oy EJE R BUR KL

TEWE AR HN;
R
1: k=len(Y))/l, ki EHU#:
20 WX RO MR B = [XEXEXE, L XE ] Y= [YVA YA YR, L YR
3: for j=1,2,..kdo
4: A 3G VT S T X IR B tempo
5: fij = %tempoij/60;
6: W) =2-f] s
7: PAW,? SV — A LS K03 N Y (1) A TR B e i i 2 filter ;
8: for d =1,2,.. d, do
9: v}, :[d] = filter! (v¥[d]);
10: Viignild] = Y/ [d] = Y, ,[d];
11: end for

12: end for
13: ﬁ‘jf*ﬁylow,i = [Yl})w,i' Yl%w,i' Ylst;w,i' L] Yl’;w,i' ];
14: ﬁﬂ%yhigh,i = [thigh,i' Yhzigh.i' Yh3igh,i' e Yfﬁgh»i’ ];
M SR
B> &Y o i3

26 38 B 1 30 A U5 IR I KU S D (B T D = {(X, YOI, B 4L 9D =
(X0 Yiigno Yiow) Y, BJ s FIBIABE LA ST M S50 R Gnign 5 Giow
ASIH L R AN, BRI P . (EASOEAR TR, % T
R B AR A B2 5T T s E TR . S T IR, 76 F SO G I

16
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3.2 ETHEEBRSBRANEEIMENITER

3.2.1 75 EBRA

X T SRR TR SR AR X — 155, B BRI TV A F Ly BL, 451 2R 41
B HIBE AR T [ —AE 5 B BR 4R BT REAF A 2 A F M F e 301,
17 Ly BRLo 451K K B AU A2 1K S AN [RIHR HE SR B~ 3948, X — P IMEAE A 2 IR AR
/NI FESFE Cover-smooth) FIBNE 9 1 i tRiX — Il R, ASC R4 M R
FRMINEIE L, DM A i F e S A 77 1 Y FERE AR 25 ()R B 1) 4347 P )R AT
REMLEIT T H L BERI 0 A0 Pagre (CEERRAESLEHR), [FINEIL T HELIELT
TR AP, (58 REE L) Hf, Py - Puar MR DL E Hd
S A T 9 2 T SR SR B . TN TPy — P 240 SRAR SR A PR R a3 2 s
o AR ) SR 0] R TR S P 48 RT3 o AR SOV SR R B B AR AR AIE 5
EEVE MBI RIE I AR NS, BRI B B i 5 2] Tl
R R, A SCHEH E -3 E R 2524 2] (Music-Motion Synchronization learning,
MZ2S ) AE IR AN 2R P 45 IR TN SR AE 55

G, il 3.2 fs, ARSCTTVE A )RR 7 RN B S EL a7 TR By
A ST B AENT LS ST B, BT M2S2E SN — AN 4 SC I M 45 M2SNet.
FEA R 2B B, M —A A AR M2 SGAN, HR M2 SNet Il ZR 471 3]
VEGmAD 2% LLBCIR e 10 7 2RI 2B LR P, > oo N T SRS T4 2555
P GRAE S5 YN R X ], A SCH X — 412k i 24 N R 2B 52k (syne loss) o [A]I,
MZSNet ) & b5 4 fith 25 T F8 2 M2SGAN, Jy /4 Bas PR At o o i SO (1) 25 SR ARRAIE

Xt bt 2 SIB B, (M2S-Net) £ R IR ER (M2S-GAN)
B

e N
- "
{1 &
HH H
r=
.|||||||. »}H &R : %J{E}é
B !

__________________________________

3.2 MEEFIMERSEMF SIM BRI XA REE

17
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3.2.2 RS

ARSCHREH B TTVEIL B U2 P 2« 5 SR IS 28 E s ~ SIE DTSR Enotion ~
A ARG 5 HIRLED . M2SNetH Epusic ~ Emotion AKX = N EEZIZ MR o Epusic 5
Emotion WV L S PHE RN 2R R, 5 — Mg 25— ME0,1) Z [
b, ARFRINZE XS T4 AAEAKT [F] 21 1 500 . M2SGAN I H 4= DY /4 28 o 2%
e Emysic FeBUE SRFFIERING , GHEBARIESNE, HALBL Enorion 5D 53 AT

ALV Z P SSPOE/EE P SR

fdlﬁi?ﬁﬁﬂ%ﬁ Emotirm

ST-GCN Layer
ST-GCN Layer

%ﬂ%?ﬁﬂ%& Emusic

Cretsmie )
Gt )
(oaeroaing

+
e

%%ﬁiﬂ% Emusic
|

Kl 3.3 PR EE— N MIZE A N A .

iﬂ{’ﬁﬁﬂ%& Emoticm
P

v

[ Residual Layer ]

[ stGentayer

[ Residual Layer ]

[ stcentayer

Residual Layer
Max Pooling

3 ST-GCN Layer ([ MaxPooling_) (stecNiayer )
I (CFully Connected (rully Connected |
= ([ BatchNorm )

[ BatchNorm ]
[

v

] ) >

M2S - GAN

[ Dense, ReLU
[ Dense, RelLU ] Y l

TCN Layer Group Conv
[ Dense, Sigmoid ] Conv

Max Pooling

¥

Conv

ST-GCN Layer Residual Layer

___________________

o0
S o
2 &
SEo

1 [ TCN Layer ] [ Max Pooling ]
[[_convolution ] [ 1x1 convolution ]i [ Dense, ReLU ] [ Dense, ReLU ]
[BatchNorm ] [ BatchNorm ]: [ Dense, ReLU ] [ Dense, ReLU ]
! [ Dense, Sigmoid ] [ Dense, Sigmoid ]
© |
1

}

R G

¥|5IgE D
3.3 M2SNet5M2SGANHI L& 2544

(1) BRY4miGE

B RS EE Epyyysic M 2 ZEHOME IR AT 1) P B B SR ARFAIE o Eppysic 05 =
FAH =M 2ZE)E (Residual Layer) Fl—/MfbEA K. 722 PO &SN
3x3 WIBRZE. #LH—1L)Z (Batch Normalization). ReLU #i% B 5T 1x1
BRAMTRZ . AL RRAE B TR I (R 45 [ 505 4 B B R . b, i Tl
PR R TR SRR R I =A%, 7ERS RI4ERE EAOUIEAT — R x 3IBERAE
TERERAENT Emusic MEANERUZAE 16 NEIE, RS NEE 32 4.

A,

18
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(2) ELRIDEE

BNV DA Emorion 5 22 7 IS AR ] 45 25 18] P A £y B2 0 P45 s 1 1EAT 0 4, 1A
I, AR I 2 B AR R4 M 4% (Spatial Temporal Graph Convolution Network,
ST-GCN) UHMENZNE D HS . ST-GCN JR AR LA IATH T, Pkay
AR Hh 52 BRAEHE S E R R BT DS o Epnorion 077 10 4 ST-GCN 2, #ZH
KGR = S5 I (RS AR 2 2 BSOS [ RHAE 5 I [ RRAE . 280, 1x1 BRER—
JENRETRZE SR « Emorion NEATAERTRERAE, BRI AN 55 %0 OR KR R B SR AE
#o Emotion N —MEHZHTA 32 MBIE.

(3) HRiF

AR GRS B SR i 5 E oy e P2 BB IRV RFAE A2 R FEBIAE o SCHR[92]) I
Temporal Convolution Network (TCN)F] LUA 2| 5 LSTM AL fE . R, TCN
RN R BEARECT LSTM A& BRI BRIk, ARSCRA TCON AR A it 1
PR LER . IZNBaLE 5 NI ZEEEE (residual connection) P32 &
(dilated convolution) P42, JE#A# TCN (H WaveNet ™)) rf {1540 2 9 R
B, BLEFRFE BN A AT 55 A A2 75 2 2% S0 XU (RIS, R b A Sl PR R AR
SR EER . G NMEZHA 64 MEIE.

(4) FIRIZ&

FI 8D T ZE X oA s G AE U AR S E 5 S 4RI . DEE W /r3C
MIgity, — SR A — 4G, 1T R IGEE S — MEERRME. 5
— AR E I 4R, T SRR 2 (R RAE o« WA 43 SR % B 444
PHEIE NIER)Z . IR Y], BERFEX THRADMIERE R R EE, K&
[FRFEZ H 30Hz [% 2.5Hz. DI —MERZH A 32 /M.

3.2.3  HikiRH

(1) HEEIME

FEXT LG22 S W B, AR SCR ) B A8 R0 2K L 50 A R Ler KN ZRM2SNet.
Horb, Lop BESR M 45 BE% TR0 F WA\ IR 5 AT- S VR AR AN 2 IEREACIE /& A REAR,
117 Lo W SKM? SNet ) Eypyyysic 15 Emotion M\ IEFE AR i 4 BRI R RF AL S 7T BEAHIL
1113 7B A ot Hh SR B R R SR AT BRI o RIS S Lop il B BN PR Eppusic-5 Emotion

19
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PEECE R e o AN, Lopi® R ME ISRt A2 8 nAE 2 Leg SLeor
TE XU

M
LCE = % Z Cjklog [fC (Emusic(Xj) @ Emotion(yk))]

= (3.5)

+ (1 - Cjk) log [1 - fC (Emusic(Xj) SV Emotion(yk))]

Ly = l Cjk”EmusiC(Xj) - Emotion(yk)”z
Mjk_l (3.6)

+ (1= ) max [1 = | Epusic () = Emorton VI, 0]

Hort, (X, Yo R MEURAED R R BN AR, o R AN IURREE, A
EFEAXS (G=k) ey =1, FFEARXT (G # k) Bey = 0. feRRM?SNetff)4
R, @F T PHEIRAE. 100 2% 5T ERM2SNet 45 2 B B Lygzsned 1 E
XU

3.7
Lyzgnet = Leg + Ler (3.7)

(2) E=RFEIME

TEAE R I B, A AR AR 35 SR A 28 E i PR 35 SR AR 5 R BE T
IEAS M B B 2 BRAR I BIEY = G (Enusic (X)), 2)» FFEA BUFEAS ) 73413 Pg [R] I
] T B EE D i Pg > Pagra AR EINERT H RT3 4GP > P o ERLEE
G5 2R BR B L ¢ R 38 ST s :

1 N K
sync Nz Z k”(Emotion(Yi))k - (Emotion(G (Xl)))k”%
Lk=1 (3.8)

~aaryy ) DGEH))

A, Epotion e BENHR M4, BIFETM2S2: S HKISERmIS RS, (Epno (YD) e
Emotion NENTE T HY; LS IR S8 k2 RFE, 1wy X BT 35k Z AL E . DA
RS e Asyner Aaan 7 BRI 0BT e OB

U E D HIAE 55 52 FUWT AR BRARFEZNAE Fr 5 (K BLSERRRE, I A s S L v
FIE E LI PG — Pagrq - ASSCAH LT Wasserstein GAN (WGAN) SI00N) 3] 5] 28

WGAN 1iti i+ B2 Py 5 Pygra Z A1) Wasserstein #7155, 5 JRUGH GANPTAHEL, 1X
20
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P ITEAE P 5 Py MHERBOR I R IR A 2B E, MITA M T GAN 1I1Zk
A S5HEAS I (mode collapse) 11, I 7 4% 5 5 BR UL, -

-

Lp =5 Y [D(GCE) ~ D] + wgrBsllVs ~ 1] (39)

=1
Hrr, 5 TUAMEES] (Gradient Penalty, GP) T, wgpfeiZMIAE. &
FEAE P 5 Pageq Z RIBENIAEAE RFEAS B SIE R 51, FH THE P 5 Pygrq Z BTN
Lipschitz BR# .

3.2.4 GIHEARRHERME

TEM2S5 ) )t R rpr, R 5 Bt A KO B Hp AR 1 ) 25 (38 2R -3 1 IE AR AT
HERTI SUREARS, AR A B RRSSc] o MR Korbar 25 NTIFTR, fiRE AR
FESEIE T LLS> A Easy Negatives, Hard Negatives PA & Super-hard Negatives =1,
Bk, &G K 3.4 FR, BAREASCHEIA RS, hHx =F AU AT Bd e
e

Easy Negatives Hard Negatives

( ~
[ s wEanrmsy ] i i
: ST
[T« \ =FERmEEY | s -
-

ESEAN

\
Q
[N
N

WA

\
ol
I ~
‘\
| »

— Bd)

N
~

mini-batch
A

Super-hard Negatives
| s I
| 0 |

Bl 3.4 =MorEARRT RERIE R EE

*  EasyNegatives 18 AL RAE T [F—A mini-batch AN [B] i 5k i o IXFh A REA
Fe s A H B St A ) B — R B TR, KRR
JAlRA T £ 3] AR A BV AR IR

*  Hard Negatives F8BEHLIKAET [F—/ mini-batch F1 AR R i, (HRAER
TREANS Z AIANFAEE G o AR, TR [ B I [ [A)Bg K 10 70 5
Easy Negatives i, Hard Negatives 5| A\ T X 5 RIPER2E 2], X EORGAY
2[R N O P A A ()[R A

= —)
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*  Super-hard Negatives $5BEALKAE T [F]— mini-batch F1 AR [F H) SR f,  HK
PRI SRR Z A7 — R I E A . R, ARSCA SRR 2 8] (1A [a]
[BIFETE 0.5 #b~5 #P 2 [A]. 5 Hard Negatives #H L, IXAER KRG AR ] (8] B4 T
VERSNVE U S, BORDIEA 2 ST 1) B B
AR H Hard Negatives SEBEHEAT SUREARRAE. HIEHAET, SESRMZHE

A MR ST T T £ T R ) T s R A AR L, M2S2F ST BT ) 1) & SR - 4R HE 5

YRR 2 BB B o AR SOR UK R I 400K FE B 7 5 21 Easy Negatives 5B

AR GURAE (False Negative Sampling) FIMER L7+, 7E Easy Negatives g

BEATMZS2E 2J I, MR e MO EUE £ 9 BT T Re IR & ARSI EREAR ST L&, ook

B R FORME 2 S EE AR 2 B %l B 1 B4y AHELTT S Hard Negatives

Y5 Super-hard Negatives JUYH Kk 71X 0% i H 451 FORFERI AT REPE, MTiTEm

A S ST Fa s 1. Hard Negatives S8R R [ I 2% 5] 45 18 SO 1 5 i 18] ]

A, 1M Super-hard Negatives R SV 6] [A] 20 7% . (K[, Hard Negatives MAgM?2S

2 ) ) B R AR SR o AR SOREAE SR8 43 SRR X — W A
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FOE HEEE

HI T IUA SR S B SRR N, Tk i R R P A i U I 2R 5
Ko B, A T — N5 S EdESE ConductorMotion100. H11E
4.1 B, ¥ ConductorMotion100 BHEEERS , B Je M Z BT 6 WS R A M
IR IR TEIU A B, 70 X WU P KR 15 2835 5 3 AR RR I EAT SR I . 32
HCE (B4 42 5 — 46 S5 T 1 ConductorMotion00 $HE4E .

(@& WEIRTLA ]
.
Lﬁﬁmﬁﬁﬁﬁ%%mmgj
| %ﬁ#w || isRpuEE |
| BISIRT |
I | R |
| iﬁ%&féﬁE |
| A1k || A1t |
__________________ ) 2

| ConductorMotion100 %% |

4.1 ConductorMotion?00 ¥ IEEMIERIEREE
4.1 BIEWSE

ARG RS- & bilibili.com 5 youtube.com HEHUAK & (L i
AT AR ERARHE GRS 1D TR IER; 2) Sk 3) M4
KR T4 T 5 200 FREER SR M7 55 17y SR 30 VRO 32 SR DR IR 3 3L
AR A o TENCHUCRLAT , ot 106 3 T A e e A FR 28 . AR SRS T A
HFAL Y 30fps HIRFEE . WA B HIAL RS AL B B 1R = ] 4.2 P, H I
S (¥ LG < A2 M T (Symphony) 7\ “ 4R (Movement) 7 “ #§#% (Conductor) 7

“PA (View)”. “thZEHl (Concerto)”. “#LHh (Suite)” %5,
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at CONDUCTOR'

_

gp i Leandro

Movement

Suite View °F

“;“COﬁhuCLOFH.“”
4.2 WRLEIIAFE & PR B ST AR A A B 1R =
g 1 fiizn, ConductorMotion100 HHESE IR | BIA #4870 15 4%
AMERE S . B AR PRI S A DU S AR T Faar T HHf £

%= 1 ConductorMotion100 BEE SN EH X BBENMEXTEE .

WEEXE | &5 HiEs Gans | xmwmg
2006 Ballroom #{#&& [107] 357
2009 Beatles #{#E&  [108] 489
2004 Hainsworth #{#E%&  [109] 199
2005 Simac ##E&E [110] 198
Tiatam 2012 SMC ##E&E  [111] 145 (‘;73 ?ﬁ)
2012 HIDB #1B&E [112] 199 ‘
2012 ACM Mirum #IE&E  [113] 905
2015 GiantSteps ##EE [114] 1325
2002 GTZAN &  [115] 500
2016 MotionDance [20] 73
2021 Dance Revolution  [43] 790
2018 Dance with Melody [24] 94
2020 AhnEAN  [36] 94
2018 Listen to Dance [32] 376
e 2019 iFEAN [33 148 754 34
wE{E 2020 ChgreoNet {38} 94 (12.6 /AT
2019 Dancing2Music  [12] 4260
2020 Dancelt [39] 540
2020 Duan A [40] 1980
2021 DeepDance [45] 300
2020 Ren FA [35] 300
2018 Shlizerman & A [25] 513
2019 URMP ##E&E [116] 78
2017 CAS HIE&E [117] 270
REEE 2015 Carrillo F A [118] 10 (]723‘; fi?})
2006 ENST-Drums #{#E& [119] 225 '
2011 Abeber FEA.  [120] 72
2020 Solo HUEE [121] 3976
2014 Sarasia A [52] 250
2017 Karipidou ¥ A [56] 36
2013 Sarastia F A [50] 120 643 4%k
RBAtEE 2019 Huang & A [59] 180 (10.1 /B
2019 IDEA BUiE&E  [64] 56
2013 Dansereau A [9] 0.5
2021 ConductorMotion100 (A30) 6000 4381 (100 /MEP)
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4.2 IEEIPERIN

FEUSCER B B FEFERLA B BB, IR 2 AL IS B R AR HE /M SR T
WA NP H I o BB AE AT HH R AT 245 A AR I £ DRSS 28 T W R A H A FR 4,
1= A R ZAE SR . BRIk, ARSCH N T —ANMBERMD IR, DRSS e
PAAMI X AT . HLpAdh, & 2ebriE 7 —/ M5 300 5k BRI I BdE 4
BN T — AR TN yolo-v3 BARGIIMLS . fefa, MRAESE AR
it , R —WUZER A 10%E R IR, DLEANE R TR B0 1% L R I R
FCA B bR i R o R SR P BB A P AR IR, 25— Pl R AEWCEE B M Ha 4%
RS BEATLRAEE, 28 —Fio 76 TLRR I ISR & AR ARG B R O TR iz LR
TISEBEM . BT 300 MEAR BB A B DI TR 2 21 (0 A A5 2
AT SE B HIINGR, AR TRIZR yolo-v3 BERISISEHEATIERS 2 3] o FERLIAY
WA, yolo-v3 LAY HRIHT 10 2 SHERL . WO R i Ige. W4k
PA K precision. recall FJARALINE] 4.3 For. &2, BALAZE] T 0.861 HIAGHER
50.991 HIHEEIZR, FEMNAE LR T &b R an

Kl 4.4 .

0.12 0.09 1
——box loss 0.08 —box loss 0.9

: 0.8

—object loss 0.07 ——object loss 07
0.08 0.06 esifoation | )

classification loss | 0.05 classification loss 0.6

0.5

0.04
0.4

0.03 03

0.02 -
0.2 ——precision —recall
0.01 0.1

0 0
0 20 40 60 80 0 20 40 60 80 0 20 40 60 80

(a) (b) ©
4.3 ORI AVINERER IR (2) « FESRIRKR (b) « LARIEHAR. BEIZR (b) fhzk

1 https://github.com/ultralytics/yolov3

25



TG KA R LR S

H AR 2SR 1 I P FR i 2 AR, O 1 SE RS e SR S 15 1

AR HZEET AlphaPose?® POIOIION g = 2 2 il 11 5 34 F VideoPose3D* 1021
SRR BARH, B AlphaPose MG HAd THE T S8 5 —4EAk

br,

FHEH] VideoPose3D R H AR 2 =44 (Al JR1M, WM SEEERA, 45

IR SR M. X FEAE VideoPose3D 3211 3 4 NRLAH, BUE.

ML R AL E A ANER . [FIRF, EFREESNET, TR RESEEEAE

EAHMER. B, il 4.6 fros, ALRE 1 163% LA 51 13 o=
BeAh, BTSRRI ADE AR, AlphaPose filiih i 2 4E50HE Mt 054
Mg . WA 4.5 fos, WHARKERERZ, AR 3 IEsER T
(i) AR DR B SRS B RTIE T ER PR

700

600 |

500 |

400

300 ||}

200 HLZ——

1

0.8 |

0.6
0.4

02 |2

-0.2
-0.4

0 25 50 75 100 125 150 175 200 225 250

0 25 50 75 100 125 150 175 200 225 250

- original ——conv_3 ——conv_5 conv_7 ——conv_9

&l 4. 5 FEIEFAZ T BRI L
BiJe, i 4.6 Fros, WP JE SRS SBER AT AR IE, R

PRI TR SRRSO 2 e . e, X3 2 —4EdR AT I — it

H,

ReXUR PRI (55 5. 6 SREERZIEMED 458%E 0.2, K EFEFK

(5. 6 5ok 11, 12 58I N 2 IR B 4iiE 0.25,

2 https://github.com/MVIG-S]TU/AlphaPose
3 https://github.com/facebookresearch/VideoPose3D
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1.00

0.50

0.00

||||||||||| _
| 1 1 |
| 1 1 |
| | 1 NNy
| ! o |
| _ ! ™~ |
| | 1 o .
i | ! o 1
_ _ 00 i |
] s il O S _
| n& A |
||||| 1
e B4
_ + § ST ! ST
_ ==L - _
b Lt Ll LT . ] i
R S B
! v =l n.w |
IIIIIII — 1 —
1 H ) A
_ 1 < | 1
_ I 1\ 1 |
| 1 1 I
| 1 1 |
| | 1 N
| 1 1 N
| | 1 |
| | 1 .
i [ |
| B B
.......... 3 0 8
0 -
= o o
o

) ~EE

4.6 EIFESRER () HE (). B3— (T

]
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4.3  FIRFFERRN

KR 128 M E [, hop-length=256 Wi f{HE /R 45E & (Mel
Spectrogram) FKin 5 REPE. B 44100Hz SRAEZR (1) 3 90 B 215 2 g R A
RIRAE 22 86.52Hz, AT EAEMA h 5EEHE (30HZ RAEH) XI55, &
SCK 86.52Hz MM /RATE B B R FEN 90HzZ. fJa, KM/~ ATE L6 dB
A EIH—AZEO,DXIE . K 4.7 JBR T — N EEEE R R, 1%k
AR TSR] R 1812 5 ih 45 ) SR B

/R B X,

1.0
0.8
0.6

128

WEEQ 0.4

0.2

0.0

4.7 ConductorMot jon100 ¥ &5 FHg/RITE E R FIAE AR
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BRE SBSOH

51 SWRE

FBBE: KTEIMBR, M2SNettH AdamWUMifbasthifl, H%SIHRA
0.001, £=(0.9,0.999), B EIEREN 0.02. LA B, AR5 A 54 H
RMSProp! Stk 2344, 2% 335N 0.0005 . BRENR K AL E 0 70N 1. F15)
BT M Ewgp = 10, batch size A 30, &F—MEEAXTA 30 F2 1 Aks
/7 BI-FRIESNE 7 FIREAR XS .

SRIGHT:  ConductorMotion100 B H#4ELL 9:0.5:0.5 FILLEIRIZ A INZREE . TF
KESMALE, 193 90 /FHINGLE. 5 M IFRES 5 NRIREE. X
SJWrBL, BT Hard Negatives 5 Super-hard Negatives FXEE 4K, 7 55— epoch
I #3{ F Easy Negatives {EATRINZR. TEAER SIMTEL, 80 WGAN — ik
18, BB IIGREIGR 5 AEE, g 1 IRAERR .

SEISFRIE: fi ] Intel Core i5-9400 CPU 4bF 2%(2.90 GHz), 32GB M1, NVIDIA
GeForce RTX 2080 Ti GPU (27GB). 57%3:T Python 3.6 Pytorch 1.6.0 SZ¥. A&
DRI e BN GR 75 L) 48 /NI, S L2 ST B 5 A A 2 ST B BUFE IS AR

5.2 it

ISR — B TIRFE S S & R IR AR HE SRR U5, DRl AE S
RS TVEN A PP Fabr o JAERE, X TR B AR il R (R PR RE VT A A1 4E
f# Fi§ Inception Score (IS)E{ Frechet Inception Distance (FID). 4R1M, XUS4EIr#TH
P ANGIE S HAT S TRV RAE SR IS o SR, FedE M L Id A5 38 FH R AE
PRI, WAMPERMA 7 25hr%, SIS M FID Anf . B, ASCRHRH
—E VN RS . N T IRIEA R, B 5.1 4 H T IR SRR ARAE R B I A5 4
S ARSI . 25 AR BN 7 (0%~200%) ) T Bl A 2 AL SR B AR, IS IRI P30
FEAE(80%~120%) HITE Fl OB SV E HIR T - BT3B BREN PR PR EE 100 IKBEHLZ
WM.
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Mean Squared Error (MSE) Sync Error (SE) Wasserstein Distance (W-dis)
* No spatial relationship preservation

Rhythm Density Error (RDE)

35 2.00
AR . 1.75
oy Segteytugteng tiey ! 30 8 E] 5
Splogtag g tayeagyces gt H = 150 2
R 25 % s : 125 2
NN A T A I I 7, o
N N N 20 ¢ £ ey tey ens Ty /3 1.00 £
N AT 5 5 ARy gy -00 5
Jegrotadoyap gy it innyt 15 8 g T R 25y 2
AN A Jerytveggtoag ey, I 0.75
&9, 0.0 0,' 11t uu’,’, ey 10 E E ',,.'.',',,a,,',', ey, n,.,"',',"',',: o050 E
73 'y, LA 5
T 05 aeshiste A 025
77 LA R R
0.0 Im’{.,,"""l':'.'"'l'l"'l'."""n'l 0.00
i
00 AR 2.00
175 & "l:l,',l't" "'""l"?""'""':.""'i 1507 &
i = e
L B'sa.eg 5 0975 o
980 77’"es,,F 9 EH 2'5,@6e
> th gy Q151 20 000

5.1 &MENIEFRR T S RN IE R
(1) Mean Squared Error (MSE)

MSE e i &4 i ah 1E 5 B S Bh EARBURR FE de EL BRI — AN 7% e AE oAl — 28
PRI AR IR A ZR B E A BT AR . 281, MSE A X T/MgfasnfE
M. i 5.1 fros, I TRPE) KAEMEE BN S TER) MSE (A £ HUI L
/N AR EEGE B ZER MSE (B £ B/, XKL 7 MSE 28 ok iR )
HORSIREIE LA X Z RN NOE R 4508 BSKENMEY, = {y 1=, 5 ERENE
¥ = (e}1=1» MSE [0 LT -

MSE(Y,, ;) = ||¥; = 7|7 (51)

(2) Sync Error (SE)
SE (R iRZ%E) HRBHL M. BEOA SRR B R R,

LR AR VP P AR I EAN 2P0 M, ASCAENNREE EETM?S22 2, JF TR
BIHEh gt E O R R T I EL R 2P k% . 5 MSE MLk, SE FFRA %)
TEAE B E Rl SE e LU

SE(Yi: ?l) = ”Emotion(yi) - Emotion(?i)”z (52)

30



TG KA R LR S

(3) Wasserestein Distance (W-dis)

AR bR T B R B 5 A B E I HE LR B o ST A SR R i — At
POASEAY,  HRAE T2 S FRAT M FH L Y 25— R B B8R0 5 W-dis. B 5.1 X F
W-dis FysEEery, BN BT N T2 E KR, T W-dis 27 e A]
DR G- a5 1) 23 ) 9% R B0 SR A B AR o K AT IR A 23752 D,
U] W-dis 1) 5E AR

W-dis(Y;, ;) = D(¥;) = D(Y)) (5.3)

(4) Rhythm Density Error (RDE)

RDE e A SCHR I — /BT F6 4R, e & AR ishE 5 B R s i . SRy
At BRARABAE o FL A, B S THEE B A 1 D #2354 B (Power Spectral Density, PSD),
R ERRACHT S O BT B R ) ARSI IRE S E ) . AR
W 40BPM 72 & R T — PN RBU T I, Bt f = 40BPM/60BPM ~ 0.7Hz
TENIRZE T I, BT IR RNES &, B, T log MEHk = 107 ¥
FAMEZE N A IE R X A . RDE 7€ LT

26 2

26
Z PSD¢~0.7uz (Vi [j]) — Z PSDfso.7uz(%[11)
j j

J

+1| (5.4

RDE(n,ﬁ)==loglk

2

(5) Strength Contour Error (SCE)

TRYEBEI ) B AW L) iz S RITE T & Fida s s s . A
SC5E L SCE LALUR AR a1 5 HR AR ) BE AR AL AR AR B2 o T4 SR )
ARG T DA AN SR K — B 22 045 21, (H R BLRE HOR R B — i 2200 2 RS TR
RS A B R . I, AT MM I T — LR RS SRIEEUE 58
T NI BEAR A Sy . B, SR — B 22 50 RN AZ A 60 it (2 £,
B30 M0 (1R BPRbA, FRIg 2100t 2k 7 BERE R (strength contour).
SCE Bl &5t LU AR a5 B SEBNE T BERR R 2 (R i) 22 o AU, SR JS A H log
A Ek = 107 FABAMEA R GG X H] . SCE HIE LW
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2

SCE(Y;,Y;) = log Ik + 1‘ (5.5)

J J

(6) Standard Deviation Percentage (SDP)

A SCAE AR AR FE SN 5 SRR S bR 22 2 HE SR SO s VR R AL B R
Blhn, 4G 7 B I B ), B E AR AEZE R T 0% 17 BRAR ¥ AR Ak
A N AE AR HEZE 5 LSS E FRIEZE 2 LERIAE 100% L. 2 TY RRNEY;
R, yRRF2ES, ) SDP A BLE M-

2

R SD(Y;
SDP(Y;, ¥;) = SD() HrSD(Yy) =

“yt _37”% (5.6)
SD(Y)

TY -1
t=1

5.3 [EFHMRSFMIRKH T

AR A T R B R FHRA AR R R BL 6 1 Agyne T Agan B AERE . R
R, [ Agqy = 1, 8 Agyne = {0.001, 0.01, 0.02, 0.05,0.1, 1} ZRA 4,
RIFMEESASHCI AR . A R Kl 5.2 5B 53 Fim. ASCRI, 4
Aady = 1, Agyne = 0.05W A ALELAT | A () RDE 5 SCE. #R#E[FPHK S W-dis
MRS L, TR A (RVE KA gy, AT ESIMESE 2 (SR I8 2 5 (A

(CE R Asyne> XFFEZPIET 2 150D #2380 DR 55 55— W gk, i
SHHEZER RDE 5 SCE. K, fERTHSERT, #KRMAwy = 1, Agyne =
0.05F A 4 2% bR B L IR S 4

0.65 215
. | —=—RDE ——SCE
T 210
w [ [
2 055 1 1205 9
T 2.00
0.45 1.95

0.001 0.01 0.02 0.05 0.1 1
Async

5.2 KRB EET RDE 5 SCE HIZT 1L
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1.1 r 1E+0
- | —l—Sync Loss —>—W-dis | 3
I £ 1E-1
A [ 3
3 I ] =
o 09 1 § 182 T
g - 3 2
(%] L ]
I f 1E-3
0.7 1 1g-4

0.001 0.01 0.02 0.05 0.1 1
Async

5.3 MKEBEBARNETE LK (sync loss) 5 W-dis BIZZ{L
5.4 EgEXTEE

FERTE Async T Aaan MIRAEBE S5, ASSCENNREE EXT L& SRIKEN 4RI 50 1E
A AT S PR RE B T4 (I T84 S A AR T VAR R B T, AR A
DRI G TR (4 75 1 5 AR SR T 2 I TR T AP B E . A, X T
%2 MIDL A & RAEAFIN, AR SCEIER NG RS s . ME— AN IA
(T2 ST (45 Sh 1 2E BT 1252 Wang 28 A 7E 2003 4E42 H 1) KEMM 73,
HZ 75 T BT B MR SRR A S AR o [FIR, 2 Ji AR T [ 45 /)
U BAR B BT, I (R AR BEAGE, TRVEAEA SC ConductorMotion100 %4
% Fil%k. BFHAT e R AL RO VR E NS T IR LU AL, A0k
B 17 3 ANEA N H A B A-FAE AR TS5 BT B T B . X SR 55 E 45 A
JRFEFE AR, BAEENEILL K R S ZENE) . P R AR AN 75 A
SEIS AR, PR TT DL B T 2 ) AR AR $E S
(1)  Shlizerman &A™, LSTM

SR T LSTM, JRABOH TR & GNEEUMES) HZEIEE. %
GRS — /NI 200 ANEGEAIZ TR LSTM 2, LAURCE TadER .
R DUME R (8118 22 8 (Mel-scale FrequencyCepstral Coefficients, MFCC) 1F %I\,
i3S Ak MSE 51 2R 40L& FLSEII EhAE
(2) Yalta &A™, CNN-LSTM

AT JE ARG T A B EEEAE, AR — A CNN MRS & SR B AR
RFE, PR LSTM HIgmfid#5- s s b AT A e A . B T HTH0& B2 R 1
MSE #5154, 12 R (145 2k s B0 A5G — 0 F B3 LSTM g 24 th IR AiE
5 B S E AR ZE R A AR AR Ee A 2%
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(3) Ginosar HA™, GAN

ZAT LEAH S5 A T KHMMM7VE R & SRR 5 SCHR[29] 70 2R 1457 2K R
o HARH, BIRRHERE S =AM S S, WS HRRE. Hord,
HOE [ 4 R S ST AR 3R 1 VR A0 o = M e R T o PR B O — M L
A1 25 5 0 Bt 2k IR S 0 5% o AR SCHE I —ANERA MR B 15 3 R4 TH 0T
IR E

PA_E = A0 BB R 5 A S HR HE M2 SGANBL R (g Pk B B 2 o E1EAS 15
#5 SE. W-dis. RDE. SCE. SDP |, A M2SGANERIL S [ Fe AT fE
o, 7F SE. RDE. SCE I #UEBIM2SGAN nJ LA i i b 2 > 35 SR 5 ¥ 5 30
TEZ IR R R o f£ W-dis 5 SDP [ #AUE HIM2SGANAE 1 (1) B AF T 52 i d
Hio EAHERIIZ, M2SGANFE A XN MSE. 2R, BT BB X /MEH
B AR R, MSE JF/NBE R S WAk st S R P s s e . ]
LIEH,  Shlizerman % A-LSTM. Yalta %5 A-CNN-LSTM /5t HR 4 BAAIG 1
MSE =& A SDP = FEAR K

R 2 FFREMAEENEER S K EREXTEE

S H A (';"i';) SE 2’;’ f(')i) RDE SCE  SDP
Shlizerman %5 A2 LsTM 3.50 1.301 87.47 0.9739 2511  38.98%
Yalta 25 AU25] CNN-LSTM 3.08 0.9105 50.85 0.9911 2482  27.11%

Ginosar 25 A 2], GAN 6.60 1.371 29.98 0.9437 2.864  97.93%
A, M2SGAN 5.40 0.8834  1.4264 0.049  2.046 99.62%

N T HE B RN AERSMER 2R, B 5.4 IR T AR A s R K 4
A, ARESLEAER A0 o X EEARIESNVEXT LT L2235 C /N S8 1280 i Op.67
RIS — R FRAESNESIIELL 0.1fps HIRAEZREEIFE I . F-HEEHIBULXS B 30
i CEP 1 AD) MR, ATRUE Y, BT MSE RIS XS /73 (Shlizerman 45
A-LSTM. Yalta 5 A- CNN-LSTM) 2 s fE RIMEE R AR, eI Es™H
FpIs BT R R . AH LTS, R T AR O B 4 1) 7% (Ginosar %5 A-GAN 5
ARILHIM2SGAN) A RRBIE B o3 A B BzE T HSLaE . W HX A7, A0k
PMZSGAN S & RIS AR FETE T SR, ARMECEA S LB R i R I iX —
o BRI, ARSCRARARR B 2O BT 5 ROV E AR BN PE RBOR, R it 7 —
AMERMK . 2T https://youtu.be/8Ir5Q2qg58w .
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(C]
Shlizerman % A, LSTM Yalta % A, CNN-LSTM Ginosar & A, GAN AX, M2S-GAN HLahE
SD=0.01732, SDP=36.98% SD=0.01106, SDP=27.11% SD=0.04351, SDP=97.93% SD=0.04351, SDP=99.62% SD=0.04443, SDP=100%

5.4 FEIHEERIERNS T
5.5 RHMESHHIMABYEHHRSIE

AR TH RS R H AOLE T UE B AR SCHR HE A AR il TR Bh AR AR 45 K BR B L
PR R UR & B AR i, ASCRE 1 3 DR, 2l
MSE #i%k. TR X hidisk. MSE #ik R AT 5T 307 iR Z R 1
BUEIIGR. TP RS TS PR TE DR L H ) Async 5 Aaan BN 0 HIXSIE
4.

THRLSEIG M Es RN 5.5 Frow, Ho, AREifEM A GERR, HEafE iR e
R o W] LA Y MSE $i5%  RA A day t E (EAR /S, X — I BEETIR I BLR A2 i MSE
A Bk RGBS s TE[RDE R R AR BRI BIE 5 & AR AN RS TEX ik R
R B F SR Z B o IX 3 AL TSR SR Z Pg — P.BPg — Pyqea PRI, P
ANBETEARIE S S5 AL BRIIAESS . MHELZN, A 58 B A0 A B2 15K PR B L

CRIBHR L) ISR ARERL I R A8 R L sk HL DB fa 48301, B AR 3)
TEAIERE HSLahE 2 ML RGBT Pyare 5P o

e N AN =
= Mg K&
o E———— OSSR N—
= “ o
il bbaten | |‘ | H . wlalilf S VUMY [
TJFI' o Wl . L )
gé T "}T'ﬁ - ‘ B e
1 ST S | e |
[] -
- T8 | it | R 'N‘ ‘,‘. i .‘I\ Wi wrermr e et e T AR
=
Tﬁ | e |
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"'"“WYWW'V“’" WA AN

vt bkt

PN R T oot
1 LT [ T T i

{ | al (Il | J&aq' g “‘ hodoliih b4 ’Vw’\‘Mw R
i_\%: ks WHH"W‘?I“ " ol ooy MW“’*"’*‘"’ P i S | PN
AR T NIV o P wlan
_})___L l,”‘wr}* M‘M;M“ z J‘thhh%* M‘,m ” m’% M‘ AN e W s A

q e e S

PWWM *J""w"‘f”*““"‘y““l (ORI i [ ——— /’W\w "‘ (Y“”"‘M"VV e e | TN | kit

AP | e | AR A AN | S et

m
A o At .
PN iriruititte | oo | PPN | A Tomrei A A

AnloAy Pt A AN | mmmamA S e e e
Ay | ot e | WA A

5.5 HELSEIE P A EXT BB LE BV R R
5.6 SAIHEARRHRIREN
AICINA, Hard Negatives MAE X T-M2S2% 2 1 5 B AE AR SR . 75

Xy, ASCKEE SER AR — WAl AL 7 ] Easy Negatives. Hard
Negatives PL X Super-hard Negatives Jl|Z5xM?SNet, & J5 MEYIZRlT FIB A 7E = Fh
GUREA BRI IE R, AR 3 Fros . [V ER M2, 1] Hard Negatives
EIIZRIM?SNet 7 = Al il i bEAS B #GA 2] 7 i IERI 3 . IXAEW] T Hard
Negatives [F] L5518 X HIAH I (40 Easy Negatives ) AT 8] (1) [7] 25 ¥4 (40 Super-

hard Negatives).

& 3 ERATESEARERE TM2SNet F IEFE

UILEFN /£ WK IEHR
SRAF SR B EME Easy Hard Super-hard
Easy 75.14% 67.56% 57.90% 53.01%
Hard 68.79% 72.60% 67.83% 62.03%
Super-hard 61.79% 65.71% 63.53% 61.27%

IR, FH T35 A iR 7R FENL2Y, Easy Negatives A3 I 3 s 70 50 ) &
KRSy, AR RS 2E SO, WK 5.6 Pios, XTET/E Easy
Negatives FHIMZSNet I Zrid #2153 AFa 7€ . MHEZ T, Hard Negatives Al Super-
hard Negatives N+ 7352 5E
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Easy Negatives Hard Negatives Super-hard Negatives
100%
[ ——Easy

90% T e~ Hard
5 80% _ = Super-hard
® i
M 70%

60% +

50%

Step Step Step
B 5. 6 FEGRFAFAEREE T R)IZREZ
5.7 ZRIERIFM

ARSGEEAT T B I SRR R M) 1) SR 56 KR I AR SCHR R D7 A R T 4
BT B TR e . Bk, (FRARIFUIZRERNEL (1, 4, 8, 16,
32, 64, 90 /NP YIZRAEASEAY, JFALEX ORI ) RE AR . ARSEER XS L T AR
Y H FIM2SGAN 5T MSE YIZRAIM2SGANF A5 AL, AR WP 5.7 Fiw.
AULEH, ST /NI Z4E, MSE J79ET] DURIF G I ZRE, & BBK
I ZRiRZE . HBEAE SR R MBLE B I B A =, HlgaRZEHH i B, it
IS A TR 32 I ARG B S A (R i i P DAk BRI 2Rk 72, IXARIIAE SDP
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Abstract

The product categories are vital for the e-commerce
platforms due to the core applications on automatic
product category assignment, personalized prod-
uct recommendations, etc. Two key aspects of
product classification are multi-modal information
and fine-grained understanding. However, recent
datasets could hardly support both sides. To ad-
dress this issue, in this paper, we construct a large-
scale Multi-modal E-commerce Products classifi-
cation dataset MEP-3M, which consists of over
3 million products and 599 fine-grained product
categories. Each product is represented with an
image-text pair and annotated with hierarchical la-
bels. To our best knowledge, MEP-3M is the first
e-commerce products dataset paying attention to
the multi-modal and fine-grained aspects concur-
rently, and its scale achieves the largest in exist-
ing E-commerce datasets. We also present the per-
formances of the several methods on this dataset
as the baselines, where the best accuracy achieves
90.70%. This dataset is now available at hitps:
/github.com/ChenDelong 1999/MEP-3M.

1 Introduction

The recent rise of deep leamning can be traced back to the cre-
ation of ImageNet dataset [Deng er al., 2009] and the revival
of deep Convolutional Neural Network (CNN) [Krizhevsky
et al., 2012; Li er al., 2021). Since then, the combina-
tion of inm:asmgly complcx ncurnl ndwotk m:hlleclures
and y large

the fields of (‘ompuler Vision (CV) and anural L.anguage
Processing (NLP). In recent years, the research communi-
ties are gradually moving from these single-modal tasks to

8 (Q muti-modal
2 MEP-3M
AiProducts
28 -
u
g ImageNet
., iMat Challenge@F GVCE
.
SIGR 2020 Stanford Online
E-Commerce

Products-10K _ Products
LN ]

0 X 00

# dass

0,00

Figure 1: The comparison between our presented dataset and exist-
ing public e-commerce product dataset.

ties and bring the ity 1o the
across different liekk 10 runher improve the model perfor-
mance.

Recently, another hot topic in the deep leaming field is fine-
grained recognition, which aims to discover the subtle differ-
ences between different sub-categories, such as birds [Hom
et al., 2015), dogs [Sun er al., 2018), cars [Yang er al., 2015],
and castles [Anderson er al., 2021). A lot of fine-grained
datasets are created to promote the development of this do-
main, such as iNaturalist [Hom er al., 2018], Products 10k
[Bll etal, 2020] and iMaterialist Fashion [Guo er al., 2019).

y, many e related d emergence.
A posablc mnwn is the construction of this type of dataset
can rely on the pre-defined hierarchical categorization infor-
mation (¢.g., Slock Keeping Unit, SKU),

only focus on one
npoct from mulli modal or fine-grained without integrating
Ihcm together. In this paper, we construct a large Multi-modal
Products classification dataset named MEP-3M,

multi-modal tasks. Large-scale multi-modal d. espe
cially vision-language datasets (e.g. Flickr30K [Young er al.,
2014], Multi30K [Eliott er al., 2016, MS-COCO [Antol er
al., 2015], SBU Captions [Ordonez et al., 2011), WIT [Srini-
vasan et al., 20211), have been constructed. These datasets
enable us to develop multi-modal models, which learn to uti-
lize the complementary information across different modali-

“Comtact Author

wluch provides multi-modal and fine-grained data. It is col-
lected from several Chinese large E-commerce platforms and
consists of over 3 million image-text pairs of products and
599 classes. As demonstrated in Fig. 1, MEP-3M consists
of the largest number of products, even compared with the
single-modal E product d Its scale is far
better than the existing multi-modal dataset. The key charac-
teristics of MEP-3M are summarized as follows:
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ABSTRACT

In this demo, we present the VirmalConductor, a system that
can generate conducting video from a given piece of music
and a single user's image. First, a large-scale conductor mo-
tion dataset is collected and constructed. Then, we propose
an Audio Motion Correspondence Network (AMCNet) and
adversarial-perceptual learning to learn the cross-modal rela-

hip and g diverse, plausibl y d
motion. Finally, we combine 3D animation rendering and a
pose fer model to synthesi ducting video from a

single given user's image. Therefore, any user can become a
virtual conductor through the VirrualConductor system.

Index Terms— Adversarial leamning, orchestral conduc-
tor, audio motion correspondence

1. INTRODUCTION

In recent years, deep learning has shown its advantages in
learning discriminative feature representations [1] and leam-
ing high-quality generation [2] from massive data. As a no-
table research line in this field, learning the cross-modal map-
ping from sound to human motion has drawn a lot of atten-
tion. Various types of applications, including speech gesture
generation and musical gesture generation (dancing and in-
strument playing), have been developed in recent years. But

pay little to the motion generation of an
I | J M there is not a large-scale con-
ductor motion datasect ly available. Therefore, we build

a system to make the first attempt towards music-driven con-
ductor motion generation and realize a virtual conductor.

To build a large-scale conductor motion dataset, we first
collect concert performance video recordings, then extract
conductor motion by pose estimation [3]. Meanwhile, dif-
ferent types of audio features, including MFCC, spectral cen-
troid, spectral bandwidth, onset envelope, estimated tempo,
and predominant local pulse, are extracted. Finally, the con-
structed dataset consists of conductor motion data and aligned
music features in a total of 40 hours.

H x deling du motion still has several
challenges. First, the conductor motion is highly pli

o 1 ——l: Sopi1
ST | )
" [—— ﬂf. — e |
| e HH w2
Corarar ~—J
(—
u[%*ﬁ.g,—*—{w'l— mt vmﬂl
]

Fig. 1. The pipeline of presented demo VirmualConductor.

motion should be closely synchronized with music. More-
over, because of different conducting styles, mapping music
10 conductor motion is a one-to-many task, which is difficult
to leam by standard mean squared error (MSE) regression.
In this demo, based on the constructed dataset, we propose
the ViralConductor system to tackle the above difficulties.
We use a combination of MSE loss, pose perceptual loss, and
adversarial loss to train the motion generator. In this way,
the generated motion can be simultaneously diverse, plausi-
ble, and synchronized to music. Finally, by combining 3D
animation rendering and pose transfer (4] module, the system
can generate conducting video from given music and a single
user's image. In the following sections, we will introduce our
system in detail.

2. SYSTEM DESIGN AND IMPLEMENTATION

2.1, Audio Motion Correspondence Learning

We first design an AMCNet to learn the correspondence be-
tween audio and motion. As shown in Fig.1, the AMCNet
ists of 4 music E.s, a motion encoder E,,, and

cated because it conveys various types of information, includ-

fuse layers. The f d by two ders arc con-

ing tempo, h, and ion. M hile, the g |

1 and passed 1o fuse layers. The AMCNet output a

978-1-6654-4989-2/21/$31.00 ©2021 IEEE
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ABSTRACT

In traditional cognitive diagnosis models, the representations
of students and questions tend to have a high correlation, It
results in biases and poor performance in real-world appli-
cations. In order 1o weaken such correlation, we propose a
Weakly Correlated Adversarial Learning (WCAL) method.
Based on WCAL, we design a cognitive system for both stu-
dent knowledge state evaluation and exam results prediction
which can help teachers sclect exams suitable for students.
The experimental results show the proposed method can ef-
fectively model students’ knowledge state and help teachers
improve the teaching effect.

Index Terms— Adversarial learning, cognitive diagnosis,
exam results prediction, knowledge state

1. INTRODUCTION

In real-world teaching scenarios, it is essential to let students
participate in other schools’ exams. But students’ knowledge
states in different schools are different. An exam suitable for
one school’s students may not be appropriate for other's. The
selection of exam papers often relies on the teacher’s sub-
jective judgment, which lacks objectivity. In addition, the
teacher can not estimate the difficulty of exam paper accu-

I— Cow eva

‘..'- _.[ ]

"".. J

D—[:ILM__JI_ _—
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o B THES Fﬂ

Fig. 1. The structure of the proposed WCAL model.

latent attributes and question parameters. The obtained repre-
sentations enable the teacher to evaluate the student knowl-
edge state and exam difficulty more precisely. Moreover,
the system can also predict student response, i.e., predict the
exam score given certain student and exam. Based on this,
our proposed demo system can provide valuable information
for planning exams and teaching strategies.

2. SYSTEM DESIGN

2.1, Cognitive Diagnosis

Suppose the student set is V' = {vy, vg,..., vy }, the question

rately. Recently, with the rise of artificial intellig [1,21,
cognitive diagnosis has attracted more and more attention
since it can be applied to predict student response. Base on
the predicted results, teachers can select exams suitable for
students. Therefore, it can help teachers imp the teaching
effect.

H.
r

il 4

, in a cogr gnosis model, the representa-
tion of students and exams usually affect each other. As a
result, the student latent attributes predicted by cognitive di-
agnosis will contain the characteristic of the question and vice
versa. For example, a good student response may not be at-
tributed 1o the easy exam but the student’s ability. To solve
this problem, in this demo, we propose Weakly Correlated
Adversarial Learning (WCAL) for cognitive diagnosis. As
shown in Fig 1, by taking advantage of the adversarial learn-
ing scheme , WCAL can weaken the correlation between stu-
dent and question representation and obtain precise student’s

st is U = {ug,uy,...,uy}, and the student response is Y,
where y; ; is the result of student i answers question j. Then,
as shown in Eq. 1, a cognitive diagnosis model can output a
possibility u ; predicting whether the student v can correctly
answer the question u;,

thy = P(Yiy =110, &) = f(0,,5,) )

where 6; represents the latent attributes of student ¢, §; rep-
resents the parameters of question j.The cognitive diagnosis
model are trained by following binary cross entropy loss func-
tion:

LAY LAY
L= wisloging + Y (1 = wiylog(1 - iy)  (2)
iJ L
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ABSTRACT In 2020 6th International Conference on Robotics and Artificial Intelligence

The pandetic of COVID-19 has caused millions of infections, which ~ (ICRAI 2020), November 20-22, 2020, Singapore. Singapore. ACM. New York.
has led to a great loss all over the world, socially and economi- NY.USA, 8 pages. hittper/dolocg/10. 14334330178
cally. Due to the false negative rate and the tune-consuming of the

| Reverse T) Poly Chamn R

(RT-PCR) tests, diagnosing based on X-ray unages and Computed 1 INTRODUCTION

Tomography (CT) umages has been widely adopted. Therefore, re- It has been seven months since the first case of COVID 19 was
searchers of the computer vision area have developed many au- confirmed. In the battle between human and the novel coronavirus,

tomatic diagnosing models based on machme leamnmg or deep early diag g and carly g is of vital unp . How
learning to assist the radiologists and improve the diagnosing accu- ever, testing based on Reverse Transcription Polymerase Cham
racy. In this paper, we present a review of these recently emerging Reaction (RT PCR) is tune-consuming and may cause certain false

automatic diagnosing models. 70 models proposed from February negative reports, To solve this problem, dingnosing based on scan-
14, 2020, to July 21, 2020, are involved. We analyzed the models ning unages (CT or X-ray) has been proved to be practical and effec

from the perspective of prep g feature ext classifi- tive, In the virus-stricken area, radiologasts have a heavy burden on
cation, and evaluation. Based on the limitation of existing models, analyzing scanning unages. As shown in Figure 1, researcher s there
we pointed out that domain adaption in transfer learning and inter- fore have started to pay more and more attention to the develop-
pretability promotion would be the possible future directions. ment of COVID-19 diag g models for reducing the diagr

time and mnprove the accuracy of radwlogists.
CCS CONCEPTS Due to the rapid development in this area, there have already
« Computing methodologies; « Artificial intelligence; « Com- been 9 reviews [79-87] existing on this topic, but they have vanous
puter vision; shortcomings. To our best knowledge, there are at least 70 deep

learning based and machine learning based models that have been
KEYWORDS proposed, and many of them have not been covered by any of the
Deep | ng. Machine | ing, B dical Image ly existing surveys. Most reviews only covered about 10 different diag-
COVID 19 nosing models. Moreover, these reviews lack proper organization,
ACM Reference Format: comparison of performance and in-depth analysis of shortcomings

Delong Chen, Shunhui Ji, Fan Liu, Zewen Li, and Xinyu Zhou. 2000 A of dlagnosing models.

Review of Automated Diagnosis of COVID-19 Based on Scanning Images.

*Conrmponding suthor. learning based models. Then we organized the paper according to
Permission 1o make digital ot hard copies of all or part of this woek for personal o different stages of the model. The contributions of this paper are as
classroom use is granted without fee provided that copies are not made or distrituted follows:

for proft of commercial advantage and that copbes bear this notice and the full citation

on the fest page. Copytights for components of this work owned by others thas ACM 11 q Ivzed e A
mustbe honored. Abstracting with credit 1 permitied To copy otherwase,of republish, i o ithe p WEOVID 'ryd"'
10 poat on servers of to redistribute o Lists, requires prior specific permission and/or & nosing models from the perspective of preprocessing, feature
fee. Request permissions from permissions@acm org. lassifi and eval These models are
ICRAI 2030 November 3022, 2620, Singapore, Siagapors proposed from February 14 to July 21, 2020.

:g«”m v :::,' :a'ml:r‘u Hlm.n”' o Based on the discussion of the existing models’ limitation,
httpa/ /ol ong/ 10,1145/ 31449301, 3449778 we pointed out that domain adaption in transfer learning and

9
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Significant Wave Height Prediction based on
Wavelet Graph Neural Network
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Abstract—Computational intelligence-based ocean character-
Istics forecasting applications, such as Significant Wave Helght
(SWH) prediction, ure crucial for avoiding social and cconomic
loss in coastal cities. Compared (o the traditional empirical-
Mwn-nerknlhmd forecasting models, “soft computing™

and deep mod-
uh. have shown numerous success in recent years, In this paper,
we focus on enabling the deep learning model (o learn both short-
term and long-term spatial for SWII
pndidkm A Wavelet anh Nnurnl Network (WGNN) upprosch
i proposed 1o i of wavelet and
graph neural network, .'ineul parallel graph neural networks
ure sepurately trained on wavelet decomposed datu, and the
reconstruction of each model’s prediction forms the final SWIT
jon. Experimental results show that the proposed WGNN
upproach outperforms other models, including the numerical
maodels, the machine learning models, and several deep learning
maodels.

Index Terms—Significant wave height, Wavelet transform,
Deep learning

L. INTRODUCTION

Ocean waves with high Significant Wave Helght (SWH,
or H,) can overtum ships and destroy ocean or coastal
engineering. It threatens human hife, crop production, and
the survival of aquaculture products. ‘Therefore, the accurate
prediction of SWH is vital since it can help reduce social and
commercial losses. Morcover, SWH prediction can also bring
several benelits. For example, optimizing ship routes according
0 the SWH prediction can avoid rough sca arcas, therehy
reducing the sailing tme and fucl CXensCs. l‘unhcrmun

SWH p can provide valuable inf for pl 3
mlhury and amphibious operations.
Due 10 its imy and valuable appli SWH

o

(d)

Fig. 1. ‘Ihe seasonal variation of SWH camsed by the monsoon. (a)(d)
respectively show the average SWH value and wave direction of Q1-Q4. This
figure clarificd the motivation and necessity of wavelet decomposition for
SWIT prediction.

models, which hold strong feature extraction ability, have also
been applied 10 SWH prediction successfully [1], [2].
However, by reviewing the existing approaches, we find that
there are the following two challenges that still remain and
need (o be solved for SWH prediction: 1) effectively capture

prediction approaches have been continuously developed for
decades. The empirical-based and numerical-based SWH pre-
diction approaches in the early years have high interpretability
but low accuracy and limited generalization ability. As the rise
of computational intelligence, machine learning-based SWH
prediction models, such as the Support Vector Machine (SVM)
and the Artificial Neural Network (ANN), have shown their
advantages. Fspecially in recent years, deep leamingbased

This work was partially fanded by Natural Science Foundation of Jiangsu
Province under Grant No. BK20191298, Fundamental Research Funds for the
Central Universities under Grant No. R200202175,

978-1-6654-1270-4/21/$31.00 ©2021 IEEE

the rel hips between different types of inputs and leam its
complicated non-lincar mapping and wmporal dependencies
with nk- SWH data, and 2) distinguish occasional extreme sea

di and al SWH and learn both short-
term and long-torm SWH paticms (see Fig.1 for an example
of long-tcrm SWH variation).

In this paper, the above issues are addressed by the proposed
Wavelet Graph Neural Network (WGNN). The inputs and the
target outputs are posed by the Debauches (Dh)-type
mother wavelet-based wavelet transform, For the derived com-
ponents, several Graph Neural Networks (GNN) are separately

Authorized licensed use hmited to: Hohal Universty Library. Downloaded on August 30,2021 st 01 43 32 UTC #rom IEEE Xplore. Restictions apply.
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Deep Learning Based Single Sample Face Recognition:
A Survey

Delong Chen - Fan Liu - Zewen Li
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Abstract Face recognition has long been an active research area in the field of
pattern recognition, particularly since the rise of deep learning in recent years. In
some practical situations, however, each identity has only a single sample available
for training. Face recognition under this situation is referred to as single sample
face recognition and poses significant challenges to the effective training of deep
models. In an attempt to unleash the full potential of deep learning as well as
improving the model recognition performance in single sample situations, many
deep learning based single sample face recognition methods have been proposed.
While several comprehensive surveys have been conducted on traditional single
sample face recognition approaches, emerging deep learning based methods are
rarely involved in such reviews. Accordingly, we focus on these deep methods
in this paper, classifying them into virtual sample methods and generic learning
methods. In the former category, virtual images or virtual features are generated
to benefit the training of the deep model. In the latter, additional multi-sample
generic sets are used. There are three types of generic learning methods: combining
traditional methods and deep features, improving the loss function, and improving
network structure, all of which are covered in our analysis. Moreover, we review
some datasets that have been commonly used for evaluating single sample face
recognition models. We go on to compare the results of different types of models.
We additionally discuss problems with existing SSPP face recognition methods,
including identity information retention in virtual sample methods and domain
adaption in generic learning methods. Furthermore, we regard the semantic gap
as an important issue that needs to be considered in single sample face recognition.

Keywords Face recognition - Deep learning - Single Sample Per Person (SSPP)
problem

D. Chen, F. Liu, Z. Li
College of Computer and Information, Hohai University Nanjing, China
E-mail: fanliu@hhuedu.on

Date: 19 Aug 2021

To: "Fan Liu" fanliu@hhu.edu.cn

cc: "Delong Chen" chendelong@hhu.edu.cn, "Zewen Li" servon@hhu.edu.cn
From: "Artificial Intelligence Review (AIRE)" uthara.udayan.1@springemature.com
Subject: Decision on your manuscript #AIRE-D-21-00005

Dear Dr. Liu:

We have received the reports from our advisors on your manuscript, "Deep Learning based Single Sample Face
Recognition: A Survey”, which you submitted to Artificial Intelligence Review.

Based on the advice received, the Editor has decided that your manuscript could be reconsidered for publication should
you be prepared to incorporate major revisions.

When preparing your revised manuscript, you are asked to carefully consider the reviewer comments which are
attached, and submit a list of responses to the comments.

Your list of responses should be uploaded as a file in addition to your revised manuscript.
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M“S-GAN: Learning Music-driven Conducting
Motion Generation from the Self-Supervision of
Music Motion Synchronization

Fan Liu, Member, IEEE, Delong Chen, Xoyu Du, and Feng Xu

Abstract—Music-motion correlation attracts much I

Many recent works focus on the motion pmullom lor dancers

are well-designed before each perf making it a great
Ienmmg material. But in contrast to the generations of dancing,

and musiclans, bul few works for the % In
this paper, we on musie-d lm motion
generation, which aims to g d

according to a plece of music. We ldmllfy that two key problems
in this task: 1) le music and 2)

music-related motion luluru. can be solved together by multi-
modal sell-supervised learning. Theref we put a
contrastive learning stage ahead of the generative learning stage,
resulting in a two-stage learning framework. In the first stage,
we propose a Music Motion Symhmlwlm (M"S) learning task

playing, and singing motions, music-driven con-
ducting motion generation received far less attention. In 2003,
Wang et al. [7] design a Kemel-based Hidden Markov Model
(KHMM) to predict conducting motion, but its rhythm adapt-
ability and computational efficiency are poor. Several rule-
based approaches were proposed in [8]-[14], but their diversity
and realism are greatly limited. To our best knowledge, except
from (7], these are no other learning-based conducting motion

to train a two-branched Music Motion Synchr Network
(M“S-Net) and obtain rich music and motion representations. In
the second stage, the two branches of the M “S-Net are integrated
into & GAN-based (ramework md ruputlnly provide semantic
music feat: and sync loss. These two
brmhu. a pmuor and u dhcrlmlulnr form the Music Motion

ial Network (M“S-GAN). The
nmulor Is trained by a joint loss composed of the sync loss and
adversarial loss, which respectively poses constraints on motion
consistency and realism. To train our model, we build a dataset
ConductorMotion100 that reaches an unprecedented 100 hours
long. The extensive experiments demonstrate that our proposed
approach achieves an impressive performance In generating the
conducting motions. The dataset and code will be made public.

Index Terms—Sell-supervised learning, perceptual loss, orches-
tral conductor

1. INTRODUCTION

USIC and human motion are closely related. When

singing, playing musical instruments, or dancing with
music, people’s motion naturally follows the music's rhythm
dynamics and emotion. While the music itself has been inves-
tigated for deudcu. the ncluliunship between music and motion
is a ly emerging ipli h area [1).
With the development of 3a\ernllvc techniques, the methods
that can automatically generate musical motion from music
are widely explored. Recently, hers have fully

models so far.

lhc scarcity of leamning-based conducting motion gener-
ation researches can be attributed to the great challenge of
llllB task. The conducting motion not only conveys basic beat

i ion, but also i iculatory information (legato,
staccato, etc.), hints towards different parts of the orchestra
(string, winds, etc.), and music emotions. This task has the
difficulty of generating instrument playing and dance motion
at the same time because it has both low-level music texture
dependencies and high-level music structure dependencies.
Despite the complexity, the generation is also inherently ill-
posed. Different conductors conduct with distinctive styles. For
the same piece of music, the motions from different conductors
may differentiate a lot. Using a standard L.1 or L2 regression
loss will fail to leam the one-to-many mapping and lead to
over-smoothed results.

To address these challenges, we bring recent advances
of multi-modal self-supervised leaming [15), [16] into this
task. As shown in Fig. 1, we integrate two types of self-
supervised leaming [17): contrastive learning and generative
leaming, into a unified two-stage framework. In the contrastive
stage, we propose a Music Motion Synchronization (M*S)
learning task, where a two-branched network, namely Mu-
sic Motion Synchronization Network (M?S-Net), leams rich
music -nd motion features representation from the contrastive

generated the dance motions [2], (3], instrument pluymg
motions (4], 5], and singing motions [6] from music.

Conductors, the soul of an orchestra, always perform elc-
gantly and charmingly in a concert. The conducting

| b music and motions. In the subsequent
generative stage, the music and motion features are respec-
tively used to provide semantic control signal and calculate
perceptual training metric. A Music Motion Synchronization-

This work was partially funded by Natural Science Foundation of Jiangsu
Province under Grant No. BK20191298, Fundamental Rescarch Funds for the
Central Universities under Grant No, B200202175, (Comesponding author
Delong Chen.)

Fan Liu, Delong Chen, and Feng Xu are with the College of Computer
and Information, Hohwd Univensity, Nanjing, 210098, Clina (¢-mudl fan
lin@hhu.odu.cn, chendelong@hhu.edu.cn, xufeng@hhu.educn).

based G ive Ad: ial N k (M?S-GAN) is trained
with a proposed sync loss and an Wasserstein distance-based
adversarial loss (18], [19].

The key motivation here is to take advantage of the joint
feature space constructed in the first contrastive stage. In
this space, synchronized music and motion sequences are
embedded into near points, while out-of-sync pairs are mapped
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A Review of Driver Fatigue Detection with
Emphasis on the Use of RGB-D Camera and
Deep Learning

Fan Liu, Member, IEEE, Delong Chen, Jun Zhou, Qiaolin Ye, Feng Xu

MMM(GAN).M“IM&N

also been utilized to the perfo The exp 1]
results show that the fatigue fi d by Convolutional
Neural Networks (CNN) are superior 1o traditional handcrafted
ones and single cannot b M

the latent fatigue f d by deep learnis hoologi

have been demonstrated to be effective for fatigue detection,

Index Terms—Driver fatigue detecti review,
fusion, RGB-D, deep learning

L. INTRODUCTION
Nwdnynmtydwmﬂ:hnmofvebmk
and hectic lifestyle especially in prol
pknmemdmuttloep&pnvedwhdﬁcmlndlo

driver fatigue. According to statistics, driver fatigue has been

Fig. 1. The different categories of fatigue detection methods.

moll!tmpflhmm(ohfenfdymdlhemy.ﬂle surveyed those fatigue detection approaches based on driver's
A le A ion also noted that 21% of fatal  behavior or performance. In (4] and [5), the above three kinds

crashes result from fatigue driving. Therefore, driver fatigue  of fatigue d i hods have all been introduced and dis-
detection has a vital practical significance for preventing traffic  cussed. The li 6] d and d d the sensors
accidents. used by diff for fatigue detection. M 3
In the last several decad fatigue d | [7-11) resy ly listed rep ive systems,
hods and technologics have been developed. There are also dcvmwoknpplxmonxnndpmblcmmmfmgu
some survey papers [1-16] ng and analyzing various There were also some works specially designed

fatigue detection methods from different perspectives. For
example, Craig ct al. 1] have presented the understanding
dwfm‘w&mndtmspxldpyddo‘ymdfm
those that may infl driver fatigue. Sanjaya
et al. [2] have reviewed and analyzed the measurements of
physiological fatigue signals. Wang ct al. [3] have mainly

This work was funded by Natural Science Foundation of Jiangsu

Province under Grant No. BK20191298, Fundamental Research Funds for the
Central Universities under Grant No. B200202175. (Corresp ng author:

for those professional drivers such as truck, taxi, and racing
drivers, which have been introduced in [12-14). In [14], some
commercial devices were specially reviewed and evaluated to
m:ﬂlhen:qnmm:moflkmmlg mdmu'y Recently, [15)
and [16] clab d the and di tages of those
l-euworhfmmdxffavmqum-whufcnm classifiers,
accuracy, system f

lnm:auyenn fm;mdaecnonhuuhaedmnm

Fan Lin)

Fan Liu, Delong Chen and Feng Xu are with the College of Computer
and Information, Hohai University, Nanjing. 210098, China (e-mail: fan.
T @ b odu cn. odu cn, 8@ hhu odu cn)

Qisolin Ye s with the College of Information Science and Technol-
ogy. Nanjing Forestry University, Nanjing. 210037, China (e-mail: yqgi-
com@ njfu edu cn).

lop period due to the continuous development and
wihpre.duuo[llﬁbbmmddeeplummgl:chﬂo—
gies. H all the abo d survey papers have
not reviewed or discussed the role of the two solutions in
fatigue detection. Therefore, this review not only analyzes the
previous driver fatigue detection methods in detail, but also
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