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t-SNE for
fine-grained actions

Fine-grained inter-class difference

i - T

1 EREBRIERN G FRANARI. ZLMARRT 3 MERRUENBRE NIRRT, HiLH
SERT NTU-120 ' BiEsech & S afERMRIE SHERRRRIEN t-SNE #A

Figure 1 Examples of the fine-grained skeleton actions and our motivation. Left part shows the visualization of three
representative fine-grained action samples. Right part shows the t-SNE embeddings of the latent representations for the
simple actions and the fine-grained actions in the NTU-120 dataset (26]

t-SNE for
simple actions

Writing

B 6, Aahi [ a8 ST IR TIZ BN TS, R UE T 51 1B 2 B RTE.
B ARERA RN NRIZE MR AR, M5 SO G A KT A REER S, &k, #4
AEE ZENARSNE R SUEER 1 VR 2 Ja b )7 v, SRS T S35 i PR R ST B0~ 141 SR, th Tz
TG B, A5 18 S AR U N AR RO R S22l AE 21 ] 1 o, SR 20000 L ) B 2R s 4 (B
DAL B SE, anial ik FE AT ) 32 0 I P Bk

(1) gk AVER N Z 5 K. IR BIE AT UL A F3AT & AR RS SR RS . BL “Bd
B RABENB, A RNSEE BB, A RN RITE, XMW F s, NRIES AT RER 2 i
ZFH.

(2) ARLEEBHE RN Z2 5. SRANGS AN LTS 55, 2HRLIE ()1 e ah A1 4 e 2 TR Ry s sh s s
L BL <R A <5 XS], e S 22 AR T 5T R R, X
Tl 22 5 A R I P AN B AR IR S B I, (L EAR MRS AR S S AN A .

M TIPS Bk, fEiE B R URFAE A 8] b, SR B AR IR S AT AR AL I 2 S i HLIA 5
BRI, P BT A X 4y (&l 1 O (A ad). R A T AR R Eh R R S I B TR A
BRI 2558 B RFAE IR R B S 3R 4N B RO B g6 Ay D7~201 - SR, " ATI 2 1 RS AL K328 B AL
W — RN K g BRI issh iR W, SECENITCED P Ak i N kst B, RE
BB BB VU SCHRIE SRS AL B SIS SRR E SR 152 {E eI 58 e i RaR 1n 8. A1
SEY KB, AE NTU-120 Bt 48 EIFARBLA B 5VERE, o sl VRS AR ) AN ARRLEE (KR 2 TRIAF 2K
29 20% ROUERAZERR. PRI, ndenid et 78 70 M Y 35 1 IE B2k 2ok 24 3T AT X 73 iz sl e R AR 22 1)
FEIE AL P B AR S R PR SR S A ) R R A L T A
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nd

ASCERABTHE A I 5 SIHESE, IR BB N SR EExT B 77 2K, BLIX 23 400 2 1 B 22 B A
FARKYL, I LR Y EU A L LG5 R 27 31 Rt B SR8 B AR A 1Y) (2 35 38 B 2 2 kA AR AL PR | AL
FEBZEBIERIRES). Jitl, ASCIR W 7 — M BB 2 S HESE: 45 SO o7 21 1)z 3 2 2 PR IR DI AE
4% (motion salience prober-incorporated pairwise-learning, MSP-PL). ‘& AJ LA K 2 $0 30 1B ZERHE
Zidas (40 ST-GCN 121 F1 MS-G3D 2)) Togdsdfe sy, JF W35 m Hal B IR Atk fe. AR SR 7 —Fhfr
R ) HEERIES (motion salience prober, MSP), 7 H & N A4 & IR MIEEAS (1) 55 B 22 3] vk
AW EAHNERIZ S RIE. H & NG R IAE A 5 A SR H BP0 B 2k ek B 4 & (BTRC0S
HEF AR AN 40T LA 2R ), A5 0 2% B JEk A A 1) — BRIIE A 2 A /N 22 57 FEIX R AMHS O i
THIHR 2R BRI SCRE T, MSP ] DL RO () B BEFE A R I 22 S 4R 2R, DR AmRE 2 S A 1) Wl 25 18 2R
i, A T3 S AL 0 T TR AR T B A R A A5 L. Ak, AR IR VRS T 3 FhAS R 4R
DURE A G M, AR SCIIAE 2240 G 2 Al — PRIUFE AT, XA FIT 7850 0 AR LIS S FE A IR RR
FIE LA S EA TR AR 4 B ) 5.

A FETTERA LT 3 A7 1H:

o ARSI T — M@K MSP-PL HEZE H T-40RLFE B ZRIE 3 RAEZ 8. 2RO HE P 40 AT
0T e 2R IR BN T, A SC ) MSP-PL HESE AT DU L et 8k R0 2 1) — SRIIFE A% 2 [ 1) 2 2 18 B
fiE, FF2 2 B X R s 3 .

o NFEAH HAA A — PRIFEAXS, DU B) MSP-PL #4718 3h W X A ), At
FEVPAL T 3 PRI A i SR, DA R (R i A AR 2 A U A (10K 4 A 32 Bl R AIE

o JTIZIMISEEG R, K H T I E BLIS B RHIE gm D 2% 7] LLJC S8 b kN B A ST 1) MSP-PL AESE
wh I AR e FLAE IR B B 2R AR R ) b AR

2 HEXIE

2.1 BRAFEER

BT B 2L A0 HE B ARSI — B2 T S i — DN s R R 75 e M N L
BT I B HE SARFAE, G B B A5 AL L R DRI BEARRAE, X B A A AT 432K 23250 i
HIREA IR, IR, Wi LM 4% (recurrent neural network, RNN) 135 FH 1 28
#% (convolutional neural network, CNN), i ZFHETF T & ZESNE R I H#ERA 2 126~281 B IR ST
AT EN TR A SRR, T2 FH R s I 2R 2% B S 2y =) BRI BE 22 53 2 1 N AR 3 1R
WHEHAEHEM. Yan 55 12 e T — M T RSB RME MY (graph convolutional network, GCN)
(7738, %] LA AR B B ) e B 45 4, ATl B AR B BRI I8 (5 2, S 1R kg
FERE SRR IR, BT, A1 R E T2 GON JERIAR R, IX B R0 5 5] A\ — Lo i,
UE R LR 07 PRE AR (18,290 | 4 5| kit B0 FR AT B DS FHA 22 ) 2%
X SR BN A RAAE 2 2 R ). — ok, FoRH B4 R BN 2 (5 B e B T B 2R Eh R RN )
. SR, QAR] ANAIDREFE 1) B 2R B A rh i — 3B SR IR HHRME RIS S RFAE, V39R 8 — N A e i)
. Li 45 1 SR H T —ANFEACL 3 2% R Bk IR AE ST M B B R A, T TS A AL AE S 2 48 . (EJ2, AR
FEANE 2[RI BRL BE B AR I i 3 0 B Rt 5 22 et e A i e R . 5 Bk T ik AH b, AR TR
() MSP-PL HEZL AT LA R4 75 Bl I A 1 e 28 0 255 A5 70 ARADL B B AR AR 0T v 2 20 SRS AL 1Y) (2 25 38 )
5, AR AR A 7] v R FE S AR E
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2.2 {MREMTES A

FIF RIBAT A4 R B2 53 AT [X 3 P 1) Sl 38 R AE X A S8 (R R 73 248 285G 1 3 (32350,

w 55 B0 SR T —AMEAVER B E W 4%, T AT DAEEA R 2 5 BT X 2 R U RAE, M
ffﬁET ] FRUBE R F2 R ARL L 2 50 UG R RS A RRAE. Zhuang 55 BT & H T — AN R )58 BN 28 KAs A
ARt A RS RE, @ REASZ T3], IEREA A B RFAE R X 2 Ak FE R R sk, — 1
W FEE RIS T AEALABLAR 58] | )5 4328 390, szl 23 0] gl P Aari (44 S5 45Uk (Ko 4l AL AL S R AIE 2
K. 0 SPRE B2 4 SR BN AE IR, AN RIS 2 0 3 25 R 32 B AE AR ABA 1 SR A KT ) 4 iz 31 72 7
WREREZMLR, HAH AT TR RDEAA. A0t 7 — A BAIesh 8 RS (MSP)
RIS 27 ST HE SRR AR e _E 3 ]

2.3 XS]

AT N W EERE A 2 ] 1 [X 59 5 0 R SR [X 43 S ) S0, TR 2 =) R I 8 2 ST R TR o
PR RE A 2 1A AR 5 B HEAT A A0 142,431 BT | Tt 2% S0 B N BB (30 4 2K LA 2
REAST I B HFAE. Zhang 25 44 BT T —ANZ 0415326 (triplet loss) SR IX 43128 2 1] (I 44825 5.
Dubey 25 451 i Fi — /N SR I 1E M 772k 40 AR E O AR . 4, SRl o 2% 1 07 1, il
SCHR [46~48], I A T GUREAS S IR AR S OB 2 R BOR AR B 2 ST B AR 4 L . 2iX
B TR S R, A SORITE T R i SERE AR IR BN T BIANESM AR 2k SR, BVRC KR 451 5 0 1420
P A2k AR S A PR A o 0453 56 R R 3T He A (R b ST 2 2 =) B (X 49 PRI B B2 B4, R IX 43
ARRLFERIZEN 25 5. SIUA N HL 2 3] D7 VRN IR, 7 SC AR H FRO TR 16 AL P B B TR B Bt B ARS8 30
BB SRR, N E I SRt R R A I 2 A AR DA R A5 5 SR (R E RS 408 BRI 22 T, T2
TR TE 70RE A ZEAEAE 2% 18] o AR (B

3 A&

3.1  #hk

A P 1B SR U — TR BRARTE AT 5%, RUOAARTLZR I B P 91 2 TB] B I 22 38 8l 72
AU, MR FER R, i, ER EOE B A <SR XA SRR E SRS (I
K1), BATAT DRI, £ <P H, FRRSIIEEER . SR WIAE <SR, FRHESIEE N A
. MREA KA SN TSGR, BATA BEE ELBCE AE Bl  51) 2 [8) X Lo 4 o 72
BURA BRI AE HIRAIE. 32008 K, ASCBEE T — MO 52 SIHEZE, Wi 2 Fos. Rl fE,
BATRE RN VNZFEARPNEIRER sq, I ERPEAR B IE NI ERIFEAR s, TSRS
21 (VEILER 3.3 /N). ZJ5, sq Al s, HIRFIESR A EBOE ANAS I (RS 3l i E VERII 4% (MSP), Lhitt

— DA A BRI E A T Z A AT . B RS AL A AIE 27 S0 R A 3R 19 LR O 2R B Line ()
BEAT B, JLE4E 1RO R R A T S Bk (VR 3.2 /NAT). A T BIHIAT S U, AT
)27 STHESR AT LR A Y LR K

9;,9; = gil,ler; Lee + Leine (¢(5(Sq)7 S(SP)))’ (1)

Ho €() RHIFEIDEE, o(-) & MSP BB, Loo() AR sq SRIMFEA s, BB
Liine(-) A2 TR ST MBUR R 05 A 0 73512 ¢(-) A E() FAIFE IS EL.
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2 (MERKE) ASURERATENEBRIMEIRRIE MSP-PL ERMBALHE. MSP 2EZURR, €
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Figure 2 (Color online) Overview of the proposed MSP-PL framework for fine-grained skeleton action recognition. The
MSP is a core module which can fully utilize the sample pairs to attentively enhance the salient motion clues and contrastively
eliminate the redundant information. L£pgr is a pair ranking loss which can facilitate the encoder and MSP to jointly learn

discriminative features from the sample pairs. Lgc is a gate contrast loss which can increase the discrimination of the
motion features with respect to similar actions
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o 2| [= 7 Salience gates 3 \\, E ;
% 52| - go g gm : Ea
g & 006~ (1x1xp)  (I1xTx1) (Cxix]) —>\\® Res [> _8 S §

) e 7o S,
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3 (MFEFE) AXREMENEEERNE (MSP) FIRIEE. BRI FI AR IS - SRR
SR RRAHE ZE 2, FHRHRIDERF S ABX 2 e IAEEHFHE

Figure 3 (Color online) The flow chart of the proposed motion salience prober (MSP). It can contrastively utilize the
query-probe sample pair to generate the gate vectors and promote the encoder to learn discriminative features

3.2 EBEEEMERMEF (MSP)

L Fy € ROV FoRg i &4 i I B WREARNRHE, B Fy = E(sq), F, € ROTYV ZoRHEM
FEARIVRHE, B F, = E(sp), Hrb C REELELE, T =W H4ERE, V s midE . A SCF A MSP
1 F, WAEBI RN 3 ANEEE Bxt By JEATHRRIESE 3. MSP REHu B NMRRAE ) i) Hop— AN T is
B E M SR A B ERAE F5 e ROV J3—ANRIPUERAE F29Y € ROV Hali g e {5
BLARTR, AT EABEAN FC-Softmax 73388, 13 BIP N SRATI 0 8. Hm, EIBEhZRAFRZER)
BN, ATRATHEH 4 MR, S SRR ol A coly B7EMUBERY TN Hh B MR AR IR IE R AR S 4%
K Lpr M Loc AFEAMUFFES ST RIHL. MSP 81 AT A& b B R A ARSI RE AR 1) S5 /) A 1
SRE WA BA B3 X RIS Eh &R, IFL ki s R DU AL KIS s RFIE. MSP AR AZ B A 3.
55, MSP W] DL Fy A F, thag 3] 3 R G, 70l 4t s I RN IE 248 52 A RFAE. XA vl
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Fcllcus = pooly(convq([Fy, Fp])), (2)
Horp Fies ZRERHIE, d € {joint, time, channel}. pool,(-) f&—/MfbiFAE, convy(-) B2—NMEA 1 x 1
WIZIIERR. || RonEmELER FRHTREDHE. Fiv G 7 BN AR (E R, XAE
TAZREARS I B R LA R
E5 2] TS FEER LR AFERHE FIv 5, MSP Y5 F, A1 F, #E47 ERE, AT 20 7 A2 B
PRI T4 &, a2, BB g, b Fy Ak, AT RS WA R EIE s &R, Mt
142 gadv, Hoilt F, ARk, AT REERAEARNITR S 2 BB FRHE. MSP K 4 i, I (e F@E 3 4
YEFE 3 ) A2 O L ) 1) 28 ) . FHLAOR G, MSP Rl SRR Fiv 5 EEARRHE Fy (BERFE ARy
fE F,) AT 0 ER A, AR5 FH—> sigmoid BUE BRBCRFEI A WA BE MBI R (28 HHIE).
132 fm) B () AR AT AR 7R 9
G = o(Fi= o ),
Gal¥ = o(F§*™ 0 Fp),

Fob, © $RRIRA BT R IR BTk, MSP U | 1 A R A R AR RO E 1 7y AT 2
R RAE, Wt SRR B EE o ARG HUS BARE Foov, et B AT A 24

3)

F = Fy+ (F 0 67 0 67 0 G2,
P2 =Fy+ (F, 0 G5 0 G&Y o G&M).
Zoi MSP HOALEE, ZEUDREAS (UREE 27 A A FUA R 0 3 A R o e, B o) il oy el
Fe S PR TRE 9R 0, 10 P2 R s pUbE R g5 . EOWh, Fit 2 AN SRR I Ia sy
fif, b T EWHAREALEIIER, T FadY &N RIER RS IBEIRHE, HhEsES
Ry s AN SCBAE 2. oa, 30 (1) IR Leo(-) M Lone(-) ATLARAE N

Ece == O“C%a]%) + ﬁ‘C%dE\‘,’

(4)

(5)
Ltine = vLac + LpR,
Hoefr o, Ay REBSHL £l A1 Lol A Rk
Lcg = —yqlog(pg), (6)
Horpy, REWHEARNIRE. T RREHEEE. p, REWFEARR softmax JEHFME 5
Lac AEXTHR TR 1425 L ok, arRid A
log(1+e¥(9™9") if g =y,
LGC - sal ~adv (7)
log(1 4 e~ if yq # yp,

Horp (g, Gadv) S B F PRI B PUME T TR TR, yq My, 70502 B REAS R AL A R
& MRIE(7), Lac AUATEMEH FIBE R T IERAEAR B, ] DUEAS FIEh1E f T2 R A Eaz
15, DT i 200K I3 8 B RS AIE (A ) e

Lpr EBCATHEFFRIK, AR N

Lpr = max(O,pffl(ci) — pgdv(ci) +€), (8)
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Figure 4 (Color online) Illustration of the probe sample construction strategies. (a) Random selection; (b) min-distance-
based selection; (c) fake-sample construction
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950 S R B T BB ABR IO M (B (6)). Ik ucRh 7 2k, S ANZE T L EE ) HRIURE
ORI ST AR B (R, 36 AR ML B 3 R

3.3 FRMHARIIDE

FEATC Y] MSP-PL HEZE SRMFEASRT DU B X 2% 22 2] B RE A R A4 RFAIE. DL, 9 &bt
AR DA B PRMFEA R B OCE E . AN T 3 PRI A R S SN R A 1R I )

(1) BENLIEFESRNE. W 4(a) P, SIS AIMIE TR R/ ML R R I ZR B Th BE LI 36— MR
TFEAS. ZBEHUE SRR, A IEFT BN, 2 — R bk A& Sk, £ BARSEEh, Al
BEMLITELUIZRILIR N B EWREAS B, ASEA IS BRI AR A

(2) T/ DEEE BIEFE SRS, BIRRENLIE R ROV PRE N, HEEEARZRIMAET . W
K 4(b) B, BATGIN T THRFAE SR/ NEE B IR £ 508, VA EWFEA LS E AU IR A, A
PR, I TSR W REAS R IE TR A RE S, R AR A 5 B R A A R R A
BEATULHRC. THRRHERR B R J7 ST ORI R A AR RZABARE . L1 B R L2 B AE. ANFRE it
BTG AE S 4.3 /NI,

(3) REABRAE A IS SR . AL IE TR A 0 AR 8 5 A W REA AR EIZ Zh 405 5 B LA
TN ZE SRS, [RL, T AR A0S AT DA ASE 100 45 Jl g 4000 P52 B S 5 41 1) 200 Al R AL R 22 SR 4
F X — R, AR T — PR AR A I T, W] 4(c) P, B e L ARE AR PR LB B 4 R
BB WRE A B BE 4G AL (45 B ), SRJE NS I 8] 248 FEHEAT 70 A IFST L2 AU (R ()L P ). 45 R
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Figure 5 (Color online) Visualization of some fine-grained action samples in the NTU-FG dataset
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PR H YouTube Mgk, HAgL I F S AT BAT A%, ISR 32 5 AR B AT & SR
FIFGR. (E A h ORI C 45 B 8RR VE ) R, Yan 45 12 fi 1] OpenPose T HAR & fhiit
TEEARLA_ENARR) 18 AN KATRIALE, FFAHRR AT [ Kinetics-Skeleton 4 4E. 7EILHHE 4,
B AT 1 S 4 h 30 fps IMGE R, /3 #F% 340 x 256. SRJ5HRHME OpenPose T HLAH, {3 FiX Lo bz
HEALAORLIAE BN AR 18 ANRATHY 2D ARFRAN BS54, L HlR AR E iS4 S iz s, X+
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4.2 SEIAT
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Sy T AR BREE s, IR RGEIE4E . b — FONFHMIEIBIE S H U, J8IE ¢ BT g g
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WHEN 0.05. ARICHT PyTorch VREES: SJHESE PO SLELFRATHIREAY. A SO BENLERBE N % (SGD)
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A Nvidia GTX 2080Ti GPU #HATHERIIZR, HKHL R/ NG E N 32. X T T E MBI 4E, 2% > R ik
BN 0.1, B E R 70. TEVIGRIEFEH, 5 2] RIERAESS 30 AN 26 50 AR 60
ANFRASAT, REGEEE R 0.1, FEYIZRERE T, AT MSP-PL HEAL AT LU BB 2 SRS 4040 1132 5))
FROE. BRI, RIS FE i, Jo /% F IR 52 24 1) 07 SRR I BRINAE AR, AR5 A IR A (0 S 1 4
TRMFEAEI AT, MSP-PL AEZL A A ALK T https://github.com/FineAct/FineSkeleton.

4.3 HRUSLIG

T HFFEA IR ) MSP-PL AEZL A R, ASCTE NTU-FG HdlE 4 o0& iR AT 7
i, EAVERME, Wit sent, AV EAE NTU-FG BiE4E EIIGIA 1 E 0 E 22 shVE IR ) Ak
T A IR R S 5 1) 43 S BE RS AR T 76 NTU-120 5880842 I Zhgt 5. DL MS-G3D (221 Sy,
7E NTU-FG 1588 NTU-120 _EYIZRIA0RL B BIAE B3 SRAER R 08 71.79% 1 72.02%. R,
SEREN) NTU-120 HHREA 5 E ZMBIEREAR, X2 IR A BE 16 55 Bh A% B % =) 21 58 64 112 3 47
fiE. X —I G HAE I T RAV AR, EIERE AR RIS T, DU YA B A R 4 HY
R AL BRSNS 2R AE, DRT I AR SCAA) 35 A AL AR A AN Sk B B ASE 28 PR R AR AU 27 2

MSP-PL 1EZRHIEME. ALK 2 F B 60 F Mg hs 85 i N B A SCH MSP-PL AEZEH, f 62
F CNN fgmhigas B BT GON [gmhiggs 12:19.22] P) K FeF Transformer [K4mfdgs 22, £ NTU-FG
e BRI ah RIRIRTESR 1 . IEQI T ARAE, A SRR R TT DA 35 i P g D 4 RS 2
ARFIESR I e, BARSR UL, &8 B AT i) 72 1 E 2L 8D SR Em S 385 ST-GCN 112 7F X-Sub H:ifk
Al X-Set v BB K T 4.08% 1 4.13% (1) top-1 A5FEHRTE. B 6 SR T8 ST-GCON Zifid sk A
TRATH MSP-PL HESERT 5, 42 ANAHRLEEBNVE R ARG FEAE X-Set ik F MR TE LS. WTRLE H, AL
WL LT3 s T BT R Ak s AR 2R s e rf . b, X “fmgRERE R o < a1 <k
FIFA . “BuEET MR R T SahfE, kR4 32m 7 10% LA b, Xk R0 A1
Bt 2% STHESE MSP-PL Fll MSP 1] LA 5 & Fhdafih 2% Jo2 52 Bk, JF B Rt 75 Bhdm i 48 2 =) B 2L 3h 1 1
FEANAIB B RAE, $EFH IR HER T

FRMFEA B AR SREE . FRA TR T AT 1 3 A [F) (19 SRS R A I PRIFE A, R 2 BTt 4h
R, AR T A B NEER. R 2 P, CFENLE R ERBT NSRBI SEH . HE,
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£ 1 BITERIEEHAN MSP-PL 1%, £ NTU-FG #%iB&E FaEIRRIE top-1 F top-5 HERRALLE

Table 1 Comparison of the top-1 and top-5 accuracy on the NTU-FG dataset with different model configurations®

X-Sub X-Set
Encoder

Top-1 (%) Top-5 (%) Top-1 (%) Top-5 (%)

HOCN [51] 63.75 89.12 66.68 90.89
HCN (MSP-PL) 66.5112.76 90.65™1-53 69.9273-24 92.3371-44

ST-GCN [12] 59.84 87.76 63.32 88.91
ST-GCN (MSP-PL) 63.9214.08 90.5312:77 67.45T4-13 91.0172:10

AGCN [19] 65.53 89.79 68.96 91.52
AGCN (MSP-PL) 67.8572:32 91.2611:47 71.741278 93.0311-:51

ST-TR [52! 68.16 92.45 71.21 92.87
ST-TR. (MSP-PL) 69.78 T1.72 93.14710-69 73.4512:24 93.2970:42

MS-G3D [22] 68.82 92.97 71.79 93.26
MS-G3D (MSP-PL) 70.22 T1.40 93.1710-20 73.7912.00 93.7610-50

a) “(MSP-PL)” means with our MSP-based pairwise-learning framework.
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Ee (MEMFE) ST-GCN RE A MSP-PL 1E4ER1/5, £ NTU-FG X-Set £ Fxt 42 NMAREWEME
KRR ZEFRMERITER. E ID AISEE 4.1 Y

Figure 6 (Color online) Comparison of the classification accuracy of 42 fine-grained action categories before and after
equipping STGCN with MSP-PL on the NTU-FG X-Set benchmark. The action ID can be referred to Subsection 4.1

TEV R IR b S S, FRATTI MSP-PL HESL A e B e S vEE A 2 Iyt . 1 S T7 B ) Bl L 32 98 SR s
B, top-1 FIMERVESR &1 1 1.04% (72.83% vs. 71.79%), Xt — B IGAE 7 ATk A R A fafa 1.
FLUR, FH T o5 o B 2 P 226 3 SR s L G Ath P P SR DA T SR A PR RE. X TR R BE B I O, AR
EIRTG T U top-1 HEWRZR (73.79%), TR GZAHBIEEVEIRAS T B AP top-5 #ERRZ (93.88%). IX Lk
SER R T FRATTE) MSP-PL AE S e % M ELA A AIE B RFAE B FE A0 il $2 21 535 M 12 3015 5.
Uk, FEMIZE ISRt R, A3 5 B AR A BT M AUE SR RIS AR 2 f ik 3. I, MR ARAE AR
T SRS 1TV At 2R X A P PR 12 SRS AR, X BT RS I R A AR EA S ARG, 2k
PR ZEAFAE MRS | AN REAR LT M35 B X 245 [X 23 504 B 5 7 SRR AIE 2 (] v (1 A0DRL P R A

HAREENZ, MEREA RS R R, AT USRS AINME R 250 k18 SRR A, (1)
ERHARE RSN, 5ERFEAR IS SAR LRI AN E AIRIIFEAR, AT LER & X 48 06 400 0L FERE A (1) X
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Fz 2 £ NTU-FG X-Set MM, RANERIRUHEAMEREE, thE top-1 # top-5 HUERME.
A MS-G3D {ER4miEsE

Table 2 Comparison of the top-1 and top-5 accuracy on the NTU-FG X-Set benchmark with different probe sample
construction strategies. Using MS-G3D as the encoder®

X-Set
Strategy
Top-1 (%) Top-5 (%)
Random selection 72.83 93.39
Inner product 73.79 93.76
Cosine similarity 73.51 93.88
Min-dis selection
L1 distance 73.04 93.62
L2 distance 73.17 93.72
Random (5) 72.40 93.28
Random (10) 72.74 93.41
Fake-sample construction Random (15) 72.91 93.55
Upper body 73.14 93.61
Lower body 72.59 93.34

a) Bold and underline indicate the optimal and suboptimal results, respectively.

% 3 £ NTU-FG X-Set EEMRXH, FATEMNIIZEEEL K, tLE top-1 1 top-5 KIEMME. &
B MS-G3D {EA4miEsE

Table 3 Comparison of the top-1 and top-5 accuracy on the NTU-FG X-Set benchmark with different configurations to
generate the gate vectors. Using MS-G3D as the encoder®

X-Set
Operations
Top-1 (%) Top-5 (%)
Sum-Conv-Pool + Sigmoid 72.85 93.61
Concat-Conv-Pool + Sigmoid 73.79 93.76
Concat-Conv-Pool + Softmax 73.23 93.56

a) Bold indicates the optimal results.

* 4 £ NTU-FG X-Set ZEMKF, ERARERINHZRE, LI top-1 M top-5 KLEMHM. EH MS-G3D
TS TE

Table 4 Comparison of the top-1 and top-5 accuracy on the NTU-FG X-Set benchmark with different gate vectors. Using
MS-G3D as the encoder?®)

X-Set
Joint Time Channel
Top-1 (%) Top-5 (%)
- - - 71.79 93.26
v - - 72.86 93.63
- v - 72.55 93.48
- - v 72.44 93.74
v v v 73.79 93.76

a) Bold indicates the optimal results.

rReI. (2) BN BB S L B i N o B 4 s A AL (73.14% vs. 72.59% top-1 #EHfIER). A
FLRE I BNAE 2 AR TE AR B, T T2 S BIE— OB TUARE B B, SRINEEAROZ S A fAE A
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Figure 7 Visualization of the joint gate of fine-grained actions
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Figure 8 Visualization of the time gate in fine-grained actions
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—HPEL TR (Sum) A& RIS 7%, 1 Sigmoid PREUR — PR RS RS Kk, 75 MSP H,
FIH Concat-Conv-Pool #{EF Sigmoid BAECKRAE 1M E (WA 3)

=R E XM RERIRINE. FATAE S A G 1A TR L I IR RN TE [ AR T B
SO, 3 4 TPIEE IR R, BRI ) R AR AR TR P AR R S A U Bl e & T 1 Py

FMIFETH e 2, B top-1 MIUERARIRE T 1.07% (72.86% vs. 71.79%). ‘B 2RI EhF 5 145 gk fE
A5 OB ANAAE 2., 348 AR T AR B35 I8 sh &k i, (R 30 i 35 3 () 435 AURRAIE 2 [X 20 i ks g
HHGMER . 75 MSP 1, [FIRHME B =l 145 R 78 7 3 0 5 1 RE A (138 B RRAIE .
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& 5 BRIERMNBEIEIRAEEAE NTU-RGB+D 120 X-Set EEMK T, & BEhELRFFMALENIELT]
BY top-1 /EFAZERLLE

Table 5 Comparison of the top-1 accuracy on the NTU-RGB+D 120 X-Set benchmark for the easy samples and the
fine-grained samples. Only the accuracy of the joint stream is reported

Method Easy samples (%) Fine-grained samples (%) Gaps (%)
ST-GCN [12] 79.98 53.04 126.94
AGCN [19] 89.64 68.37 121.27
MS-G3D [22] 91.05 72.02 119.03

x 6 HEAERORBERE « £HT, NTU-FG X-Set £/EH top-1 1 top-5 HEMRLLE
Table 6 Comparison of the top-1 and top-5 accuracy on the NTU-FG X-Set benchmark with different e @

The value of € Top-1 (%) Top-5 (%)
0.1 73.18 93.59
0.05 73.79 93.76
0.01 72.38 93.15

a) Bold indicates the optimal results.

N 25 A2 U T 42 ANAURLEE S 0 0E B, 20 B 25 s 4E AT I3 —4k (BAT 15 —4k).
M F AT AE B, ANARE_EEIE, BIandrat. B4Rt b4 S rsomawcm. M, itk i
HRPR S SRR SR AN, A B 0 Gy LR 1 X ok [X 2 X B 4T b 2 Bl %45 FAIEH, SMP-PL
HEZE [ 45 1145 R 5 S S TR A 4 30 1%08 2 4 3 1) DX 3, T B FH AR 2R ot -1 2 5 YR VA sl /R PR R
HE /7.

Kl 8 JE/R T MSP HHAE NTU-FG HHEEH, WS EREA T (8] 19 8eE . B mT LA 3,
B ) 104 AT LAG B A B A 112 3] IX 43 B A ) N AR T2 B PR DB T ] B8, 5510 LR [X 40 P 55 1A T A e 1)
BT AR BIAE 73 SR BT i BRI 52 . % SESRUE B A SCHE HE I SMP-PL HEZE X 1) 75 B 1 BU P =
PEELEE J75E, BeNEAT R B AL L 2112 By 1Y) I 3 1 ) B

BERMEXRNSERENELFN < BINEEERE. X 5 IRE 7 T 3L NE R A BT &
BB ANGIAL B Bl A 2 0 2 1] RS B 22 B IR b 5 R AE TRy PRSI/ E REA RN R X (AR ) BIEREA
Z A ERHIHERTE ZE0E (20 20%). BRI, 20000 B ZE S A B 23 28 B2 H R-E 22 3l V1R 5 413 1)
— AT, EF T R, F IR SRISIERY, AR SCER H ) MSP-PL HEZE AT LA R T+ B A Y 7E 2
oL P RS R ) v R

BREERY « WM. X T Losspx H AT BME REL ¢ BIHUEXT BN B 52 m, JRATHET
TSI, T 6 FISEISE REIR, 2 e 78 0.05 AR, BX R E KM R E, Hiks)
A

SRIESERE. K 9 JEIR T MSP-PL (MS-G3D) 7£ NTU-FG #5482 50 R 5K 5 VR V8 RE
A LAE £, MS-G3D 4l #s 5 MSP-PL HEZLZE & Ja BUAS T 5 i 1) 7 SR 1k, (EAN S AR 2 B4R 28 501
WRIFECHED 43, Ban <15, 8 R B 5 <16, MR T, HEFZ H i A 307 E 8 8 I AR
W FII2 80, X2 B 223 VB R 1 —/ME AR 72 1 1) 7.

4.4 JFEESCIE
BAPEA I B 75155 B a5ttt i 2R sh R IR A 754 NTU-120 6] [ 52 B8 4 k47 LE
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cutting paper (using scissors)
snapping fingers

open bottle
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toss a coin
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take something out of a bag
open a box

shake fist

throw up cap/hat

yawn

blow nose

hit other person with something
wield knife towards other person
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shoot at other person with a gun
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9 MSP-PL (MS-G3D) 7 NTU-FG X-Set #E% E&LEFIAREHEM
Figure 9 Confusion matrix of our MSP-PL with the MS-G3D encoder on the NTU-FG X-Set benchmark

B NSO THERN TR, 2 7 R R S - BRSO A S B A R S S R AL et ds MS-
G3D FHEE A, AT MSP-PL HEZEZEIX /N _L#HUS T e rERe. Wik 7 Fios, A1 MSP-PL
HEZLAE X-Sub FEHEF X-Set JEifE_ L4 MS-G3D HIMEMME AR T 1.1% M1 0.9%. 52 AT ks a1k
FHIEFRIES STATT-MS AL, A3CH) MSP-PL HEZE45S MS-G3D bl s 7E X-Sub HE#EM X-Set HEifE
SR B T 3.9% 1 4.0%. ([EFEREMAE, FiG MS-G3D FIHER (KT DuallHead-Net, {H
FE¥ MS-G3D iR AASC ) MSP-PL AEZLf5, HyfEfi IS | DualHead-Net (7£ X-Set JE#E 17y 89.3%
X 89.1%). S Ab, IX LRI FIFFAEFRE S (131 STATT-MS 5 DualHead-Net) 7] DL N\ F A 3¢
) MSP-PL AEZL 1, DLk — 5 5% =) 4ikL B RIS B RFALE.

£ Kinetics-Skeleton ##E4E I, W13k 8 FiR, U5 RIS MS-G3D MHE A1, FATH) MSP-
PL HEZE L ELAS T A5G RS . M EE T 3L MERE R ST-GON, AT top-1 5% 5 top-5 ¥ /54> BRI
T 7.7% R 8.8%. X Eesk B SRR N4k (112 S RRE A Bh TR 50 23N 1E, AL MSP-PL #E
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* 7 £ NTU-120 iEE L, RNWERSIASED top-1 BUETHEIIEL

Table 7 Comparison of the top-1 accuracy with state-of-the-arts on the NTU-120 dataset®

Method X-Sub (%) X-Set (%)
ST-GCN [12] 70.7 73.2
2s-AGCN [19] 82.9 84.9
MS-G3D [22] 86.9 88.4

ST-TR [52] 85.1 87.1
CTR-GCN (Paper) [31] 88.9 90.6
CTR-GCN (Code) [31] 87.1 88.6

*STATT-MS [15] 84.1 85.3
*DualHead-Net [21] 87.9 89.1
*MSP-PL (AGCN) 84.3 86.6
*MSP-PL (MS-G3D) 88.0 89.3

a) * means this method is especially designed for fine-grained motion feature extraction. Bold indicates the optimal

results.

% 8 7t Kinetics-Skeleton #E&E L, FHATHER SMETTEM top-1 1 top-5 FIEEITEL

Table 8 Comparison of the top-1 and top-5 accuracy with state-of-the-arts on the Kinetics-Skeleton dataset?®

Method Top-1 (%) Top-5 (%)
Deep LSTM (2016) [16] 16.4 35.3
ST-GCN (2018) [12] 30.7 52.8
2s-AGCN (2019) [*9] 35.9 58.6
ST-TR [52] 37.0 59.7
CTR-GCN [31] 38.0 60.9
MSP-PL (MS-G3D) 38.4 61.6

a) Bold indicates the optimal results.

ZRAMYEA BOBAR% 3D Ko FIANRLEE A B 228801, 1 HIEXT 3D BAK 2D Rom ), K E = 4L
P B 2B E R R A G . I, ASSCH) MSP-PL RS BAT B8 1 SE 1.

5 518

ASCHEH T — A R fEE X 2 S HESE MSP-PL, T4 (B 22 sh (R 1R, B B i s b
N P ELAE AR AR 26 TAR b I RIS 00 70, 1880 B 2 MEIR I ES (MSP) A MSP-PL HEZE(H
WD Z A AT DA AR S BB B 45 . EE RIS Bl B A S S 0 A0 0 v i P 1 o A e R 4
AER R EMIZEI R, W AR AT L BRTUARE B, A SO ik gn it 2552 LR A X 43 g /1 1)
BHISENRHIE. 16T T35 LA e I EC AT HE P4 2k (5 B R, AT 1) MSP-PL HEZZ 0] LAIK B 4l 2% 78 47
TRE AW — PEMAEAXT Z M AR BLPE 5 22 F ik, 5% 21 £ 8 RS A IZ S RFE. SEE0HIF R, K2 B0mAT
(1) B SR AR A 35 7T DL B N B A ST () MSP-PL AEZE b DL 248 v 4iker 2 sh AV 20 S PR g Ak,
IO AH DI T 2 P ERIIFE AR 1 S, b 28T A /N BE B9 (0 B 8 S B A A B, 24 MSP-PL
HEZL 55 5 B gmtD 2R AR 45 A, HE NTU-RGB+D 120 $#E4E 5 Kinetics-Skeleton $#i4E F#ETHI
HRGER AR T H A s LR
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1 Equal contribution

Abstract Fine-grained skeleton-based action recognition is a crucial but less explored topic. Due to the lack
of appearance context, skeleton-based actions from similar categories are not easily recognized. In this work, we
propose a novel motion salience prober-incorporated pairwise-learning (MSP-PL) framework to cope with fine-
grained skeleton action recognition. Our MSP-PL framework applies motion salience learning on each similar
skeleton sample pair to force the encoders to learn fine-grained motion features. The core module MSP enhances
the salient motion clues and eliminates the noise of the query samples with the help of the designed probe samples
and losses. We exploit three types of probe sample construction strategies to generate the sample pairs and test
their impact on the model performance. Extensive experiments on the NTU-RGB+D 120 dataset demonstrate
that our MSP-PL framework is general so that most skeleton feature encoders can be seamlessly embedded into it
for a considerable boost in accuracy. The average accuracy improvement on the fine-grained action classification
of five popular encoders is over 2.4%. In addition, our MSP-PL framework achieves state-of-the-art performance
on skeleton action recognition when combined with the advanced encoder.

Keywords skeleton action recognition, fine-grained action recognition, visual attention, motion salience

learning, contrastive learning
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