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Long-tailed Temporal Action Detection Based on Semi-supervised Learning

WANG Yu-Hong, WU Gang-Shan, WANG Li-Min
(State Key Laboratory for Novel Software Technology (Nanjing University), Nanjing 210023, China)

Abstract: The label distribution in the real world often shows the long-tail effect, where a small number of categories account for the vast
majority of samples. The temporal action detection problem is no exception. The existing temporal action detection methods often focus on
the head categories with a large number of samples, while neglecting the few-sample categories. This study systematically defines the long-
tail temporal action detection problem and proposes a weighted class-rebalancing self-training method (WCReST) based on a semi-
supervised learning framework. WCReST makes full use of the large-scale unlabeled data that exists in the real world to rebalance the
label distribution in the training samples to improve the model’s fit for the tail categories. Additionally, a pseudo-label loss weighting
method is proposed for the temporal action detection task to enhance the stability of model training. Experiments are conducted on the
THUMOSI14 and HACS Segments datasets, using video samples from the THUMOS15 and ActivityNetl.3 datasets to form corresponding
unlabeled datasets. In addition, the Dance dataset is collected to meet the application requirements of video review, which includes 35
action categories, 6632 labeled videos, and 13264 unlabeled videos, preserving the significant long-tail effect in data distribution. A
variety of baseline models are used to conduct experiments on the THUMOSI4, HACS Segments, and Dance datasets. The results

demonstrate that the proposed WCReST can improve the model’s detection performance on tail action categories and can be applied to
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different baseline temporal action detection models to enhance their performance.

Key words: video analysis; temporal action detection; deep long-tailed learning; semi-supervised learning
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Rk, 28 T 90 UF AR SCATHE H ¥ WCReST J5 i 7E B SRR AN LS 80 I 3% 5 T I 1 BB SR I, A T4 X 55 BE AT
AL TR, SRR HE T Dance 204 4. 12504 SEUSCEE 1 B THALATL. (038 5 S5 M WUIIT & (M 3R I oy X, JLfL 5
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AT I I SRR SR A BT AT AR H I 2T 2 B 2 ) I DB ) T4 I 2577 WCReST TE KR P30
TS ERBUR. 5, AT FASLis A PPN T AR, 285, AR R T2 56 1) L SR BRI 2R 2 B an s
P, AN BN WCReST ik 5 RAEBIA se b &5 RN L. 2 )5, AN &l i R AT ISR 58 KAE R WCReST
T5 i SR A R 3R R, AR B WCReST 5y MR K R 2 S ik s 45 1. e, AT R
7~ WCReST J7 M A S0 45 3.

5.1 SEEIFMNIERR

AT A B SR B R AR 9 I SRR 55 1 VRN 8 AR mAP, RI-T 3588 BESE, vHE BTG SiEZ P-R
28 AR T 3515, e Ah, AR SOE R IBIE I ZRAe 2 7R B B A 28, 4 090 4 v i 28 301 K1) 49 Dy Sk 38 2831
(frequent). & (common) FEFBIH (rare), H4r AT EH mAP 845, 129 mAP; « mAP, #l mAP, , f LAfl
ERIRFE B A ROER. £ 1 BR TR A 3 MUEE L, X 3 B shE A Bl BLR BT R I IX
i), #£ THUMOS 14 ¥(#i 41 Dance %445 b, A SOICHRERLZE tToU BI{E 4 (0.3,0.5,0.7} L mAP $845, LUK
7E tloU BI{E4E A [0.3:0.1:0.7] L1 average mAP FaArAl 3 #4411 average mAP $5¥5. £ HACS Segments
HAREE b, ASCICIRABALLE tToU BIMELE S {0.5,0.75,0.95) LI mAP 4%, LLATE tIoU BIMELE A [0.5:0.05:0.95]
1) average mAP $8FRF1 3 Fh5I4E G 1] average mAP FEA%. N T HERR, AL H mAP, FIi tloU = 6 B 1]
mAP {8, Fl mAP /R average mAP 1H.

R1O3IMEHEEL, KL AR RSB SE R B Bk X A]

s LB T BRI
THUMOS14 >300 100-300 <100
HACS Segments >1200 200-1200 <200
Dance >2000 200-2000 <200
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ASCIEIL T 3 AN AR A 0 BB B 5 S ARSI 7 V2 KA one b S 3 ) B AR, i) i T2 B Tl ¥ =
ft) AFSD" Fl ActionFormer™ | DA K JE T4 & FIFE R M TadTRP . Hrh, ActionFormer 3% Transformer 2t 28,
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5 RS A R — S

o ActionFormer 584 (HRFHERS P R RAE S KN 4, IR R A 2304 (AT 840 NRRAE F BE. R0 B 6B
WO RN BN 16, NTINALE G, BAYIZRI R K epoch Bk BN 50, ZRPETH 5 4 epoch, 2315, /MibE:
K /INFIRL B2 43 I B 0.000 1. 2 10000 1. AR5 18 3¢ P b e — 3

o TadTR FEAFIRFIERT FE T REEG KN 8, M Bh & 11/ A 128, IZRFINBRE fI & F2B K4 51 R 64 F1 96,
A HEOR E Y 40. VIZRHIHK epoch HBE A 30, J7E 25 4> epoch Jig BEAEA: >) #. HARSHUG Rk P R
3L

E—B A 485 WCReST A iEM RIS HUR E. HAI/E THUMOS14. HACS Segments Fil Dance #(#E4E 111
RRIMNGRIEREE n 55008 6. 8 M 10, REESH o #i MR E N 1. 0.6 M 0.4, BIEEBIE t,, B HRER
0.95,0.9 1 0.85, f,o,, #BEE N 0.5. ERVIGRINT, PbRZEAEA 11 [a] =453 0 R 5 453 2 o B AR M SRR 172
53 SEZERIILE

ACFE THUMOS14. HACS Segments £ Dance X 3 MHRAE I, 1 BTz ¥ WCReST J7 2 1B 2 B i) 512
o g AT T XL, 3R 238 4 3 AR R T /EIX 3 MR AR i sieah 25 5, F AR R o 2 [F) S s 30 26 1 R 1
R R Fi b £

F 2 {E THUMOS14 $#54E b, WCReST J7 VIR MY [ S8 45 R LE (%)

Fri: mAP( 3 mAP 5 mAPg 7 mAP mAP; mAP, mAP;
AFSD!"™ 67.3 55.5 31.1 52.0 7.2 59.0 353

w/ WCReST 67.8 56.8 32.1 52.9 71.8 59.8 36.7
ActionFormer™ 82.1 71.0 43.9 66.8 83.0 723 57.4
w/ WCReST 82.8 72.6 44.7 68.8 82.2 73.0 58.4
TadTRP" 74.8 60.1 32.8 56.7 67.0 63.6 43.0

w/ WCReST 75.3 61.2 332 58.1 67.7 64.6 45.1

%3 {E HACS Segments 33 4E b, WCReST 77 R0 3 LR A1 (1) 520 45 BN L (%)

7 mAPg 5 mAP 75 mAP 95 mAP mAP; mAP, mAP;
TadTR?” 47.14 32.11 10.94 32.09 — - —

TadTR* 47.06 32.35 10.99 31.93 38.61 32.28 22.03

w/ WCReST 49.84 34.69 12.60 33.84 39.73 34.06 26.31

T FRIRA S R LG

# 4 1F Dance $UHE4E I, WCReST J7 1 FH 3 2R BT (1) 5 56 45 Xt L (%)

T7i: mAPg 3 mAPg 5 mAPy 7 mAP mAP¢ mAP, mAP;
AFSD 66.32 48.71 25.76 45.87 72.43 50.52 23.28

w/ WCReST 72.65 52.08 30.10 49.34 73.94 52.97 29.77
ActionFormer 67.11 58.32 29.61 52.50 80.02 57.37 28.99
w/ WCReST 71.28 63.82 37.61 55.31 80.88 59.35 34.45
TadTR™ 62.55 46.59 20.91 43.65 71.07 48.16 20.93
w/ WCReST 64.54 50.29 24.16 46.22 71.95 50.41 24.96

AT LAE H, WCReST JiiEm] LRI R T AN A R 2 15 84, 78 HACS 50 Dance #4fa4E I, WCReST 7
IEAT DARR R SR T R AR AR A 1 1 B, HLX R 28 AR AR TR T L 9 A 2. IX Ui B WCReST J7vEmT LA 78 43I i obr %
B A RS R, R B S E SRR IR R EIS A rAAEE 7). 1 THUMOS 14 0 42 10 B v 9+ A
W, HHTAREEIR RO S T RETLINE T B S0 o T 8 5t SOOI A BT, 4304 THUMOS 14
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R B E TR B B, R kAR, B AR ARSI AR /D A fntt, WCReST 75475 g S 3l
Yo FEAAE Y I BE R ER T, X UE I 1277 V0 A (R HH s S 1) B i
5.4 HELSIIE

X —0 53 ¥4 18 78 43 (T RSB, SRAUE FHAR SCRTH A 1K) WCReST 7 i /N80 43 (10 R AR SCA 0 Pt
7E THUMOS14. HACS Segments 1 Dance ix 3 MR AL HARHEAT 7 5008, T TN 45 27 Rl S 36 1 S 08 285 SR kAT
JERAAT.
5.4.1 RSG5 S

&l 8 JB7R 1 7 Dance #4525 b, AR RAE S HL o WA ks 1R BE 20, 18] 8(a)-1&] 8(c) 7371 ] AFSD.
ActionFormer 1 TadTR 1 AZELRAA. Forf, BALFR RN RIES S o MEUE, TR R ST average mAP Fi45
SRR 2 8] () Z1H, frequent. common. rare A1 all 7358 R LIRS . AR, B ESE RN 4RI 4
A TTLAE H, B o BUE AR K, B Sk E 28 AL & fe J13280 T B, 15 B 28 B4 fe 112 Wi i It ix 2
BN @ BB BR K, Sk FH 350 288 1) 1R SR P 2R gl BRAEK, SRAE I 1) 28 1) B P48 ) FE bk v T 24 o (AR S B — B AR
BF, WCReST 7772 %o A5 RG22 358 24 5] R 77 B2 Tk T 400, EAT) S R A P AT S SRS BRI RS I B8 7, X Bt R T
FATLHEAR mAP F8FR 45 5. 7F Dance Hil4E L, % 54 Na=04.

—-all - all —all
g | - frequent g | — frequent g | —= frequent
common common common
rare rare rare
4 6 o 6 o 6
i 4 i 4 i 4
£ ool £ F ool .
0 0 0 = aax e ——
72 1 L 1 1 72 1 1 1 1 72 1 1 1 1
0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
XS H a KFESH o KFESH o
(a) AFSD (b) ActionFormer (¢) TadTR

K8 f£ Dance ¥tk b, RAESH o (K71 OGS LL SL 045 R AT AL

R, 24 o = O I, FTA 00 HERFEFRHAR D 1, BORLR A AN RAE HE0, RIRAEIT A 75 & 26 AR 1 D bR 2z 3 1
FrBe, 25 JE7s T ANERAE SR RIAS ST RT3 Hh AR A SR T S5~ (7 SRS SRS 1) S 6 45 RS b, SRR 45 SRR, R AR
BT RN FORFEHNG, WCReST J5 I 1073 xd Sk M S I 6 77 (5 T, {ELE R fS IR 52 50 AR AE R AR
) ERITERER L, (AL RE AR TSR (1 B 1AL BE.

R 5 {f Dance ¥dfi£E b AN [FIRAEHINS IO LE SR I8 45 R (%)

Lk SRR mAP mAP; mAP, mAP;
AFSD AP ZRAF SRS 45.64 74.13 50.41 21.84
WCReST 49.34 73.94 52.97 29.77

ActionF FPZRAF RS 52.87 82.2 57.66 28.61
ctionkormer WCReST 55.31 80.88 59.35 34.45
TadTR PR SR 4391 73.88 48.31 20.12

a WCReST 46.22 71.95 50.41 24.96

5.4.2  INBERRRN S M s

ARSI B R RN 5K 2 AT P AN T T, — 5 TS DA AR 2 BEOn BB T 5, 9 RAE I (18 D b
ZNE T BEAS AL, P LARRIR H TSR YR, 55— J5 T A WU AR 20 (KB T 5, BRARABERAE AR AL AE I 2RI (1 5
REAR AN R

R 6 s T XHARREE Fr BOINBUT 5 103 ot EL s s 45 2R, e 28 2 SRR IR BER AR 1 A BU B . = 1
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NG BT A1 H R BRI D B H R BOAR B W = O B U 28 7R 22U BT ) R PE X O PR 28 1 BL. S 4 SR
R, EECRAE B BRI IR RAE B Dy A 36 P Bl 2 34 P R 42 B ) KO P P IR, I A2 DRI & 32 3K
AR SN I T SRS DR 8 A B T3, T 2 R AU A o sl /R T AN P e L, A R )
KR 1) R By O B, A, TR F SRR AR ActionFormer I, AR SCIE S5 LB 1 A8 T 00 2 455 B p 5
A ENE S RFERE e SRVH SR W, 3 6 XS bE SESG 45 AR I T A SCRr i HH IR v2: (A 28t

#* 6 1t Dance #iidi b, ANF Dy ARaE i BOINBUTT i 0 LE SRR 45 2R (%)

LAY )5 F BUBUE w mAP mAPy mAP, mAP,
w=0 40.38 65.78 44.03 20.37

AFSD w=1 45.87 72.43 50.52 23.28
W= pXpue 49.34 73.94 52.97 29.77

w=0 45.70 71.83 49.11 25.81

w=1 44.95 71.70 49.75 21.99

ActionFormer w=p 53.24 79.83 57.28 31.85
W= e 51.85 76.78 56.18 30.72

W= pXup 55.31 80.88 59.35 34.45

w=0 39.65 65.3 43.55 19.04

TadTR Ww=1 38.07 61.97 43.37 15.51
W= pXpue 46.22 71.95 50.41 24.96

F 7 WIS 75 AR AT DA bR A ATURE AN 1) 5 A 450 e A R B R A E AT 7 118, R s Hon Ll sk i 25
RS R BN, BT M CLRIE D PR B 37 B B S i v, 7E A B AR AH DS HUR BUE B, s PRI B4
average mAP FEAR L2 S IK T IR LR,

7 7t Dance $d4E LA T R O AR S RE AR AL AN BT B B3 A E (0] L SEIR 45 2R (%)

B S PR R mAP mAPz mAP, mAP;
ANFEAR 46.68 70.68 50.85 26.34

AFSD Y
P& 49.34 73.94 52.97 29.77
. ENGE LS 52.18 78.17 56.51 30.54

ActionFormer "
PG 55.31 80.88 59.35 34.45
ENGELS 43.16 69.0 47.62 21.33

TadTR

PG 46.22 71.95 50.41 24.96
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K 9 JE/x T £ THUMOSI14. HACS Segments 1 Dance s b, A EEERE Thigh Xt B S 06 T RAL &5
R, SERRH TadTR AE R SEZRIRY. Horh, B8 AKAR RN BLAS BE B fg IHUE, PALFR A G ARG & L5 1R 8
AT

MO AT PAE Y, 2 g DRSBTS, B ARG I P B 22, B 28 0K T R R A2 ) 3 IR i SRR TR LA
FEAR R AEAE R 2 5 R R T AR O AR 25 1 B, 3 T AR IR TE U 5. T2y, BUAELIE KBS, BT ORARSRAE B FE
YR D, TiETE o I L hS EEIE T ME S, R 2 & R WCReST J7 %M RE 10 7 228 . F5 5 1,
THUMOS 14 %45 52 22 5K 55 (1 B A FE Mty , X BN R AR HARE PR Y T KEH SR, &
S S 7 R (L A3 S 15R  B A E A8 ) T e 7R AR AR P

& 10 M f 7R 7 7E THUMOS14. HACS Segments F1 Dance $(4i4E I, AN B 15 B BIH 1., BOX L SEIE AT HIAL
L5, SLUG FIRER A Tad TR VR NEEZRAER. b, REARARR IR BAS L BIAH 1, DVIUE, AR AN B I BAH G B LS
9 FIE 8 HrAH ). SEa6 4 TR, i m AR 1 B AS FE B f,, A5 2 BEARAE A MM RE R I, X2 RN Y 4, 150
B, B IR B IR O AR 28 Fr B R I /b, AR AT [ T4 BT S 1 S5 47481, 38 RS M. 177 24, SRR, 2275 5K
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