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M, R RS2SR S
Pisemm, VR AL B IEA R 5 T A7 i 3 2%
5o HOUR A —I R RO AL, BRI S M
BHUEIE” 5 XTSRS EL R BRI Z ]
s, NI R L i BT 435 1k i Bl
FEtE. Wi, AR MSMA, DURE R
FEI[A] 2 B2 2 22 IO s A48k, Il i 5k 22 B 4
FOETEAETHRE, MG R 24 50T a7
SEETT -

1) AR 55524 . HE T 5 Transform-
er it XT 5%, MSMA %5 A A 4 i 25 it /) Token
P, RamKxe RV Hp B AHEIR KN
N HToken%%; d NUF{FE4EE . Kk, Transformer
Encoder Layer f4% H 7] 278 i N4~ Token, %4> To-
ken 4R Jyd. TEARH T, i —20f% Token 75
AR o KA B 1) 15 25 Patch/Tubelet %75 ,
IR (5):

N=tX hXw (5)

. B TE)4E B B9 Token %4 (B Tubelet 7£
A () Al R J5 O BE ) 5 b, w ok as [R) 4 i 1) Token
WA RS CH A4y B3R 5 Patch K/NE, ¥
WED o TELPRSLET, ¢, h, w3 T Patch/Tube-
let Embedding ()% tH 2R a2, FEFF MSMA Hij 1]
R DS EOE A A T ok E

2) EIAEYE SRt . MSMA 1 i it
TG AR R AR T RAE, IS AT
R 25 26 M T BE PR%K (Gaussian Error Linear
Unit, GELU) L5k, sl (6) ik,

2=0(xWi) Wem e R " d, =|r-d] (6)

X o() N GELUBIG K% re(0, DN
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JEZR LB z e R YRR TR A B RRIE 5K i
Wi 32/ FARGERCE IR 3 d, o R4 J5 1) 38 18 4k
o i, FRSE)EX T A Token 25 5 4)
AT MR AR 5 ITE , g R AR S5 A Token %%
— 5, UEEEE .

3) W EHES PR A o B E . R
5] 24 i s s AE AL, MSMA ¥ z M Token J# 51| #
He il 25 2544 [ Blhlwld, |, I XA 1) 67 (hlw)
s [E]P B $T 1D B . HARIE FEHE S K & o
z, BRI Mg RFIAR (7).

ze R4 (7)

e (Bhw) Fm X A28 [\ A BT il — 451
FE A ¢ B P RRAE P 41

B J5 , MSMA FERT [l [ A & 3 A AT i) 7
(Temporal) WREET] 4355 1D B30, B KN
ke{l, 3, 5} T 4 #& A [\ o ) ROBE 0y 3 2485 A8
fto it DWConv, (+) M (B 4E B 0 AT 19 8 G 1 —
4% B (Groups=d,), PW, () M5 1 & 26
(Point-Wise 1 X 1 Convolution) FHTiERE, Un
N (8) P,

y, = PW,(DWConv, (z))

ys = PWS(DWConVS(E))

Xy, Ay o 51 FR BB RN R 1S Y
BB R 3 o R PRI [RGB i A e
[l 4E R K —2, ARSI RKIE RN, JF
R K EIEHFE (same padding) THE: X480 k
B padding = dilation - (k — 1)/2, A I =43 3 i i
PICRFEA R B G ¢, PTEAT IR LR A .

4) B RERZEASHINKZE . ARTH
Bt =4y R AT AR AT, MSMACK A S K
W5 LSS R LIBR 22 e A B I (k= 3)
DLIsE s REER A, Az (9) PR,

Az =PW,(DWConv,(z) +y, +y:) (9)

I A 70 F k] token JER Az € R? V4, &5
BRE R TR ZE R, A (10) PR,

'=z+ Az (10)

Ao Az FoR i Es @ HESS ) b s RO A
FRIE s Az 3R7n 190 8 HEJS ) token J3 1) 18 R AR AIE 5 2
FORRB N 5R 2% BB e BIRRIE RN o 1% IR P AR
227 T REM LR, JFOR B RS R4 R ik i A5
HET.

5) L S5AMRER2EFEA . G, MSMA i

(8)

SUBIREs's -l /N5 (R LB B4 YL N D G AT =SS E )
T o 19 5% 22 10 20 A ARk, iz s (1)
IR

x'=x+a-(z2W,),W,eR", (11)

Ao xR 4 MSMA I8 3% J5 18 fir i RRAE 5
W, Fm EBCEAEIE ;o T E ) G0N 1,
P B N il MSMA 73 32306 3 AR A T A5
JEo Hitt, MSMATESHOTHIEVMNORE LTS8 T
Z RUEIS sl A8 RE, I it 5k 22 AR $E 7t s il
i B0 T e o7 AP S AR

1.3 LW FEMSELE

SIS B R R J2 NVIDIA TESLA A40, $#:1E &
4t 4 Ubuntu 20.04, TREE*# > HESLN PyTorch 2.0.1,
J£IETF CUDA 11.8 5 cuDNN 8.2.4 ik i+ . 4%
i AR AdamW s, 148 60 1> epoch, it
AbPEEE R 2, MRS RBON 1X107, IFEi ALt
TG AR 5% IR JORME AT S AT o X T v 21 iy
P, S {d F 7E Kinetics-710 £ 98 4 T #2519
VideoMAEv2-g £ U2 2 FRAE 5 A 58 42 19 i
) s A Y 1 T 9 25 R F VideoMAEv2-s, ] 1R 1k
A HE i H 7E Kinetics-400 i 4 b #l il 2545 2 59 2
TR SHCEA TN R S0/ o A PRUESE BT L B2
P, A AR AR A ] 8 B0 R o A SR T
1Pl
1.4 TN FEHR

A5 K IS 8] 22 3 . (Temporal Intersection
over Union, tloU) 5 VP45 EH{H (mean Average
Precision, mAP) @ [0.3 : 0.1 :0.7] X} TADRE#E
TVl . FREFE A, TAD H AL 25 1 5 B 5L
bR R S —4EmT ] BE (Temporal Segment), HJI
SIAEAERA S At b RS LRI RT [ 2 2 1o

1) tloU. FH T & 000 27 /F v Be 5 = 58 3h A
BRI [ 4ERE by d A R R o X [a] — BN i
My =17, r15HEILEy=[r, ], HEXwmn
X (12) Fim.
tloU (p,y) =

max(O, min (#, ) — max (¢, t‘)) (12)

(i = )+ (¢ = ') - max (0, min (#, £°) - max (¥, "))
Arf: pFIRTI ShVERT R BE, v FRm B e
FIRLEE 5 2 1 2o 430 38 7 00 sl 1 e B A e 4 it 1)
FZE TR 5 o F e 0 3 3 BLSE B AE v B i ie i
R [R] AN 45 s ], tloU HUEVE A [0, 1], {E#K
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FEOR T B () B S HLA A [ B EE S AR A . A
BRI o AN[R] tloU 50 {B A A Xof Ak 1k 1) [] 158 25 75
AR ESR, Horp 8 s B (A toU > 0.7)
X} BAE ) S T J=A R AR 2R

2) VK (Average Precision, AP) iT5 .
HEREAME e T= {03, 04, 0.5, 0.6, 0.7/ F,
TSR I A B g A B S EUIHE R . X HHEY R
YRR TI0I 7 B, A5 R — R Y LS8 R B AR
tloU, Jf4&%—Xt—VCEL 2 A HHYE (True Posi-
tive, TP) /B BHE (False Positive, FP): 5 1EAF M AR
% VT BC (0 B 52 R B A5 tloU > 7, I3z f N 52
TP, F8IUE XN B R B (PRUEFE [ — BE T &4~
B R B Z VLl 1) ;. R WEh FP. Bl 5 AR U
211 TP/FP #4 # Precision-Recall Hi 2k, F+1F H Ada-
TAD PR BIA TS Z B T #9-F B EE AP (7).

3) mAP@tloU. AW 5 ] 7 2 1
PiAESs, IR BIE AL (13) FiR.

mAP(7) = AP(r) (13)
LA fabs WIS EE T, sl (14) R,
avgmAP=|;zmAP(r)=|;zAP(r)(14)

. 7= {03, 04, 0.5, 0.6, 0.7/ FxRIF
Wi SR tloU BIHAE S, |T | FRRES THEER
B LR AR RENE [F) A S IS U AE A ) s i) 2
KT BYR IS 53 S mHEE T, bt — B(E T
Wk sk M w22, UL #k ) 12 F T TAD (T 55
(ILE A TEREPTAL

2 ZEREHHR
2.1 FREEEE LT

S Y g UE A A AR 11 S RS AT O I 3
VERE AR5 AR, ASBESE LLE 1000 i H 2
A 10 12 Z B i 2 v 05 )5 2 VE K D 7 1 Ada-
TAD " R LAY JF 2 BURA R A BT 3
VERE AT A 6 LU e 07 1L 2E R EE AT R i) )7
EE N B E TS, A5 LT Transformer
1) i 1) it BF 2 S AE RGN 2 (Temporal Action Detec-
tion with Transformer, TadTR) . F T B} /& sh/E & if
)AL AR A BF 4 4% 0 (Video Self-Stitching
Graph Network for Temporal Action Localization,
VSGN) . HI T JCHEHE I 7 3V 2 A7 1 1 3% 1 B e
fiE % 2] J5 35 ) (Learning Salient Boundary Feature

for Anchor-free Temporal Action Localization, AF-

SD) . %t F Transformer (1) 2 /F i %1 52 7 75 ik 2

(Localizing Moments of Actions with Transformers,
ActionFormer) . 5& TR /1 S A A5 (4 5] 7 Sl AR AG
J7 3?0 (Temporal Action Detection with Relative
Boundary Modeling, TriDet) . FH 50 F¥ s /E A Y
SIS RIE R A 1" (Dynamic Feature Aggrega-

N

tion for Temporal Action Detection, DyFADet) . i 1
G PN SR AT B T P 28 S 30 AT 396 e e sl A o S
7 7" (Rewiring Pretrained Video Backbones for Re-
versible Temporal Action Localization, Re2TAL), 5Z
AR ANFR 2R .

®2 AEAEEHPLFREITANFIEEMIRER
Table 2 Experimental results of temporal action localization for

mounting behavior in dairy goats with different models
AT %

tloU= tloU= tloU= tloU= tloU=
03 04 05 06 07

RIS sl avg mAP

TadTR 4290 56.09 52.65 42.42 36.05 27.32

VSGN 47.89  68.28 58.97 49.18 40.32 22.68
55 2 9

i ActionFormer 77.63 86.42 85.00 79.60 73.39 63.74
<

TriDet 78.89  88.25 87.81 79.33 74.32 64.74
DyFADet 80.52  91.36 90.11 79.89 76.99 64.23

AFSD 56.43 81.76 73.13 60.93 45.61 20.69
S AdaTAD 76.72  87.10 80.90 78.49 72.32 64.79
A Re2TAL 75.66  86.71 82.96 77.28 71.17 60.17

itk AdaTAD  81.72  90.46 86.70 83.47 79.11 68.85
Ve P AR RIS I SR 6 38 9 L A 4
BUR R, MASHISE S — 1622 3 3 S BB K T (et AdaTAD
5 AdaTAD) WS E S WIRIENS %,

22 2 $ie 15 K % 3% (End-to-End, E2E) Il
S/ BN OB T R A3 PR . AR SEXT E2E 1Y
R 53 M A I G5 4 B B 75 LA D R0 ot oAy i
ATFHATEC S A T 28 PN 48 44 J2 T 1 By Bt
K435 PRSI 25 5 R BRI A g A R AETE X
(RIA M vs. BEZRFEIE) S50 (RG22 vs.
[ FRE D222 ) b SR DB R AE 22 S xR
St B F IR A R R R, R 2 AR B A g —
K HAE Kinetics-710 _E#II 2511 VideoMAEv2-g 4 it
BRRRIE ;. AW T RE TomElmiea, ETRHA
VideoMAEvV2-s, Jf{ii Fi 7F Kinetics-400 [ Fil )il Zx Y
INIFRENIIA . B SOR BRSO R 2R
ELERFE UL, IR 3 UE— 20 40 H i 30 v e %
T (AWBF5EJ7 ¥ 5 AdaTAD) (92 8 5 i R
(Frames Per Second, FPS) {EhNZ% .

MEEZEGEE Bl DIE H, AdaTAD 76X H A A v
B T3 o Ra e RPERER TN, B0AIE T HARE i
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Table 3 Ablation results of the improved AdaTAD-based temporal action localization model for dairy goat mounting behavior

fEi7E FPS/(i/s) WIS HE/M  BSEEE/M  avg mAP/% tIoU=0.3/% tloU=0.4/% tIoU=0.5/% tloU=0.6/% tIloU=0.7/%
AdaTAD 66.19 27.703 49.583 76.72 87.10 80.90 78.49 72.32 64.79
AdaTAD + MSMA 58.51 27.936 49.815 81.00 88.64 86.59 82.56 77.73 69.47
AdaTAD + VPT 66.80 27.708 49.587 79.64 91.56 85.21 79.73 75.18 66.53
ik AdaTAD 65.78 27.941 49.820 81.72 90.46 86.70 83.47 79.11 68.85

R F ARG IS FPE . R LR -, ABFST
B AR R TE 45 tloU UM T S BUS T Ak (G
MPERE

HAKME , AR5 EAE U N 0.5, 0.6 F10.7
i ) mAP E DL SOV 3 mAPAAE Y8 T HoAth 8 T it
SR E AR . HE X mAP R 81.72%, 0 £k
AdaTAD $27F5.00 1A 43 55, FRIAFETF VPT AL FI
2 R iz 2 S8 A1 L8 9 it AdaTAD B REAS A
BT LS NEBE 17 M I ShAE 8 AL A HERA

WAL, FETE A 0 BB AT, ATy ik Rl AE
FKIEH . 7E tloU=0.7 if, mAP ik %] 68.85%, #
AdaTAD $27}4.06 1A 73 i, #E— 20 U] e A Al
FE S I A T U=DRE B 0 o R M T LA 3

Zr b, ARG BB T X B L
TE RS , T L AE A B e B 2% N 3R T
AR, BUE T AR L F 1T i 7
SR RE AT 55 o A 5 R 34

2.2 HERVEE(KE BRSO

TG T AR L E LA R, HT
O3 T A BEHOT 7 1L 2E TR EE AT R )y sl e P g
MERIZ AR AL o 26 P FPS Ay 7 AH [R) A 2 3458 e
PPCE T At 5 2 A R HE R B . DAL E Ada-
TAD Mg &, HEY mAP 8 76.72%, R N
66.19Mii/s, HARIIIZSE00 4 27.703 M, SSH
14 49.583 M.,

7t AdaTAD Rl |42 H MSMA J5, ¥ mAP
FETF 2 81.00% (+4.28 N EH 4y mi), tloU=0.7 427+ 2
69.47%, 7B MSMA fg 3458 % JRy iz sh i X 5 £
RBERT AR B R A RE T . R, BB S5
49.583 MG %2 49.815 M, Al IS4 27.703 M
1% 27.936 M, HEFRHE T B A 58.51 Wi/s, Ui
A Yty o AT 4557 TR

5T A VPT AL, 45 AP 2 mAP 3k 2
79.64%, tloU=0.3 5% 91.56%, H i FH 5 25w A 4
Tt (66.801MW/s); b Al YIS & {1 0.005 M,
T VPT AEBU/INS O & T BVl 305 | AR DG

55 REEAT A AH S 11 SR A P DX 3

2 [E] S I MSMA 5 VPT 5, A B B e HE
ZEETERE, FHEI mAP K E]81.72%, AHE I Ada-
TAD #&7} 5.00 1A 40 i . TERCEIT T, XL E R HE
P B 65.78 Mii/s, HIEUE (66.19 Mii/s) FEA —
e TGS ER A 27.941 M, AHESFEHERE ALY
HEHn0.238 M, B TF 4 ORAFZE AR X AT 45 9 3 R 1N o
A VA HASHIEFE 2 0 B 5 A AR R B BB AT O 5
OB MIs TRl T, 7EKS BE4R T R R 5 A 2 1
HEFRRCR T R

A, MSMA 5 VPT 43 5l 5 F R iz o))
B2 R/E X5, W& EMTFEEZERA
A, PAOCHAPERRRS g2 )R, mi7E U FAE
FH R B W B A58

2.3 Prompt Tokens i\ E £ /Y7 B 216

AT B IR T M 43 T Prompt Tokens 38 A JZ £06F
BERIRE R PERE RSN, JF B0 UE HA A 55 A i AT
WV, ARG T &F X Prompt Tokens ffi A JZ %%
AT RS . SER e T AR IfA 2L 4. 6.
8. 101122 Prompt Tokens, Z5RUNFE 4 iR,

#F 4 Prompt Tokens N EHRERISSIGE R
Table 4 Ablation results on the number of prompt-token

insertion layers
AL %

JZ# avg mAP tloU=0.3 tloU=0.4 tloU=0.5 tloU=0.6 tloU=0.7

6 81.72 90.46 86.70 83.47 79.11 68.85
4 77.22 88.75 85.39 77.32 72.03 62.60
2 78.00 90.70 85.41 79.13 72.74 62.00
10 79.10 92.10 87.06 79.15 72.40 64.79
8 79.12 90.12 85.12 81.45 74.20 64.74
12 80.69 91.57 85.40 82.19 77.15 67.15

4 Prompt Tokens ffii A JZ #4e /> (02 )2 5% 4
Z) B, SAEGSAEHRN R, Y mAP 535l
78.00% F177.22%. WEEZBIGME 62, BRI
wAEMERE, P mAPIAF] 81.72%; Y)Z i —H
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WM. 108 1228, AKX mAP Kl TR,

KSR A TR ATURS I G, HISES R
g b, LIRSS R RWIAE 10T 6 25| A Prompt

Tokens JEF A BEVERE . 1% B REREA AU 5 AR 7Y Xf

Wyl 2E GBS SR G, N R RE i TR ME &

R B REAR Ak n] R

2.4 Prompt Tokens /™ #{HiH Bh SR8

AT R W 43 BT Prompt Tokens -~ 50 X6 A5 71
ARSI, JFIIEZE S EO BAECE T R
P AR 2 AAT 55 v i & BEPE A B 5 7R [
Prompt Tokens 4 A JZ ¥ & DL S H AR I 25 5 DA
W R AE— B ST, AN Bk 2 4 )2 4 A Prompt
Tokens £ i, /AL E A 1. 2. 3. 4, SLHg5 R
ESPR.

%5 Prompt Tokens ™ HIiE SIS 4E R
Table 5 Ablation results on the number of Prompt Tokens

L %
P;ggg{g;; avg mAP ﬂggz ﬂg_[i: t1oU=0.5 tloU=0.6 tloU=0.7
1 80.15  89.49 8744 8054 7592  67.34
2 8172 9046 8670 8347  79.11  68.85
3 8043 9130 8772 80.16 7479  68.19
4 80.35  89.73 8546 81.84 7831  66.42

4 Prompt Tokens ™44 /b (4n14>) B, AAY
R AE B AR ZIR, P mAP 4 80.15%. 4
JZ1% E 2 1~ Prompt Tokens B, #5571 B 75 f AEPEfE
-3 mAP $EFF E 81.72%, H.7F tloU=0.5/0.6/0.7 i
WA T, 1P 3 0 Prompt Tokens BE % 1 5
X OCHE BN AE R Be Mo S0 8 i F 5 g

4 Prompt Tokens > iE— 2038 i 22 3~ 5l 4 4~
B, AR mAP R4k 22 T, s B % .
TXUE TR Y RS AR S 2R3 R, 1 £ tokens
AIRETIATCAR G AT B, DTS e 4SS AU A o i 5 [
(ERNEOE T RS P eSS

i I, BEE1E 27 Prompt Tokens &5 A& H
MYIERE, PIHASHT S S 22 50 50 R FHIZAC .

2.5 MSMA i R 53 47 SR 3

B UE MSMA TE 22 KU iz sl s v i A7 300

AW ARV GRS e & AR — B A T,

L2 MSMA H1 347 DWConv 1D 943 32 N % &
R N G - W .0 i VA =4 B P i ]

Adapter {1 & B — k=3 f) P ROBE 4 325 FE b Sk Al
L, ARG RE S X k=1, KRES Sk
=5, PLRJE/MAR 3 RE S Ak G, IFdE— %%
IOAERREE S (=7) BIRCR . SERRgs Rk e
JiR o

%6 MSMA RIS S REGENERRRER
Table 6 Ablation results of different MSMA branch-scale settings

AN . %
MSMA /337 avg  tloU= tloU= tloU= tloU= tloU=
W mAP 0.3 0.4 0.5 0.6 0.7

k=11, 3, 5{(our) 81.72 90.46 86.70 83.47 79.11 68.85
k={3!(baseline) 79.64 91.56 8521 79.73 75.18 66.53
k=11, 3} 7933 89.15 8577 80.54 7597 65.20
k=13, 51 78.02 9029 84.86 79.87 7329 61.79
k={1,3,5,7t 80.80 91.40 86.54 81.66 7621 68.17

6, SIAZRENZ (=1, 3, 5) fiE
% S 2 PR TR AR ORGSR AR A TR R 3 L
B3 (k=3), F¥ mAP T+ 2.08 4~ @ 43 4
(79.64%—81.72%) . HEHEZEMZ, %I EZRI
TE B 4 A B L. t1oU=0.5/0.6/0.7 43 55l $£ Tt 3.74/
3.93/2.32 0 H 4k, VLA 22 B 43 SO Al kG
ESEESFETHEMEEEEAEHEDY
HIES

EARERIE, (O8I — R SO R RE R
SEAT ORISR . MBI A RES X (k=1, 3) I,
S mAP 4 79.33%, HILH LI AT MY
SIAKRES Y (=3, 5 i, FXmAP KR
78.02%, H.7E tloU=0.7 I F %% 61.79%. X £,
MSMA [ REFETH AR SR I T2 SCBC i =
SRR T AR B ) ROBE FRRAE 22 1) 9 B AR A,
o, R RUE SRS B TR R R AR AL 5 R Ay,
KRS A B PR e f LR XA, R
FE 53 S O SR R s ) R A R gk s IR S
REASTE b = BT R4S 5 — B bR iR T

AN, GRS AT RRJES L (k=1,3,5,7)
IR PE— LRI mAP (80.80% < 81.72%), %
W7E Y AR B S 55 i A T, i R
JEAZ B R A R SCE BIE AR oA e Ik
fik, RMATREFIATCR A S, Bt At
SER M k=1, 3, 54N MSMA ) Bk 5 3 R
W
2.6 Y ERNER 5 R E T LI

kit — A VPSR A B B R 43 T R
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Table 7 Five-fold stability evaluation results on a fixed external test set

BT %
Fold/4t it Avg-mAP mAP@0.3 mAP@0.4 mAP@0.5 mAP@0.6 mAP@0.7

Fold 1 77.43 88.44 84.78 79.60 73.11 61.21
Fold 2 79.00 88.26 85.07 79.81 75.76 66.10
Fold 3 80.81 89.52 86.04 80.87 77.91 69.72
Fold 4 82.19 94.40 87.96 84.77 77.58 66.23
Fold 5 80.74 90.10 85.08 81.44 76.56 70.54
Mean 80.03 90.14 85.79 81.30 76.18 66.76

Std. 1.84 2.50 1.31 2.08 1.92 3.69

BRI, S5 AAE 65 Bel R i b 17 .
T SEHE AL ID XN SRR AT BERLTT AL, IF R 43
HSADEFTHE (B4 1380, 165 ke,
PEBCH 4 T8 (52 Beidn) 1EhIlgE, #
RUNTEE (BB ERRIEE, HTFIIZ
AR IR RE . IR RUS , R AT R R
SE N 77 B AR L2647 1 PFAs o A BRIESE 5 AT
I, SPrRIorAE SL 50 T IR T — IR A O R AT
RSCARTSN, SRS YT AR S 2R s AN
MR AE AN TP AS SEME WS HERES
RERIPRE, (T Re AL Sk shseit.

ASHIEFE J5 i A T 4R B 1Y Ave-mAP ¥ {H
4 80.03%, ARifEZE N 1.84, FEHALEA A I Zr/5 0
K15y PRI PERR UL Bh /N . 4% tloU BI{E T i mAP
i [ (L 185 T T R, v g 1 Ah A o 2 4 G B

R, U IR R 0 A2 T R R X i SR B 7 B
B

BeAh, R TS ProeitEERGR 2 IRk
Qo AR, X RS RETISECE E—2
DA S BARKRE, 5 PR sE YA i R
CPIHEARHEZE” RPEREDCSIIEAT T E W, KSR
TSRS R
2.7 EHIEE SRS XN WIEELI

JAEER 2.6 15 8 XA E SN b B PR BE B
AT T, B SERATE A T — I
AT s it NGETH A A AR A B
Wi ERETE SR, e 142 Bk
STRL LT 5 U S P A8 IR K, HGETH A ]
A SR PRCRPRRE A I SR ZE , SR8
FioR.

®8 EHIEESRSMTNBWIELWLER

Table 8 Results of 5x5-fold cross-validation on the entire dataset

Bl %
Gtk Avg-mAP mAP@0.3 mAP@0.4 mAP@0.5 mAP@0.6 mAP@0.7
Repeatl 80.83+2.63 90.79+1.80 86.56+1.85 82.23+2.32 76.85+3.34 67.70+3.91
Repeat2 80.92+2.08 90.74+1.47 86.56+1.44 82.25+1.71 76.93+2.73 68.13+3.17
Repeat3 80.91+2.35 90.73+1.64 86.53+1.73 82.27+2.04 76.97+3.00 68.07+3.40
Repeat4 80.76+2.76 90.62+1.96 86.39+1.99 82.17+2.35 76.81+3.37 67.79+4.19
Repeat5 80.92+2.28 90.71+1.53 86.63+1.71 82.23+1.95 76.89+2.89 68.13+3.42
Overall 80.87+2.22 90.72+1.54 86.53+1.60 82.23+1.91 76.89+2.81 67.97+3.33

TER—WH S, B e 4 El 142 Bolm
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Fig. 5 Examples of prediction results of the model on videos of outdoor mounting behavior in dairy goats
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Temporal Action Localization of Mounting Behavior in
Dairy Goats Based on Improved AdaTAD

WANG Jiayuan', LI Qitong', LUO Yuantao', YANG Shugqin’, WANG Zhenhua',
NING Jifeng"”, WANG Meili'

(1. College of Information Engineering, Northwest A & F University, Yangling 712100, China,
2. College of Mechanical and Electronic Engineering, Northwest A & F University, Yangling 712100, China )

Abstract: [Objective] Accurate temporal localization of mounting behavior in dairy goats is important for intelligent reproductive man-

agement, as event frequency, onset time, and duration provide useful evidence for heat monitoring and mating decisions. Unlike sim-

ple behavior recognition, temporal localization in untrimmed videos enables fine-grained, time-resolved records for practical farm use.

However, real-world mounting behavior is usually brief and sporadic, with few informative frames in long video streams. Moreover,

weak discrimination from similar non-target interactions, together with occlusion, viewpoint variation, and background motion, often
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degrades boundary-aware representation learning and leads to unstable start-end localization. To enhance localization accuracy and sta-
bility while maintaining practical efficiency for deployment, an improved AdaTAD-based end-to-end temporal action localization ap-
proach was proposed for mounting behavior in dairy goats. [Methods] The proposed approach adopted AdaTAD as the baseline end-to-
end temporal action localization framework and introduced two complementary improvements, explicit key-frame guidance and multi-
scale motion modelling, while retaining the original detection head and post-processing pipeline for generating temporal action in-
stances. First, visual prompt tuning (VPT) was incorporated to provide task-conditioned guidance to backbone feature extraction in a
parameter-efficient manner. Specifically, a small number of learnable prompt tokens were inserted into the Transformer backbone with
backbone parameters frozen. Through multi-head attention interactions between prompt tokens and patch tokens, the prompts steered
attention towards mounting-relevant temporal regions, strengthened feature responses at critical frames and in boundary neighbour-
hoods, and improved the separability between brief target segments and abundant background frames. Second, a multi-scale motion
adapter (MSMA) was introduced to model motion patterns at different temporal scales and improve robustness to diverse scene dy-
namics. MSMA employed parallel multi-scale temporal depthwise separable convolution branches to capture short-, mid-, and longer-
range temporal variations, enhancing representations of subtle short-duration micro-actions as well as relatively complete action pro-
cesses. Residual connections and nonlinear mappings further stabilised feature injection and gradient propagation, enabling multi-
scale dynamics to be integrated into backbone features with limited additional optimisation burden. Overall, VPT focused on bound-
ary-relevant attention guidance, whereas MSMA emphasised multi-scale temporal dynamics modelling; Together, they formed a com-
plementary design within the end-to-end localization pipeline. [Results and Discussions] Comparative experiments showed that the pro-
posed method achieves an average mAP (mean Average Precision@[0.3:0.1:0.7]) of 81.72%, improving upon the baseline AdaTAD by
5.00 percentage points, indicating that incorporating VPT and MSMA enhanced overall localization performance. At a temporal Inter-
section over Union (tloU) threshold of 0.7, the proposed method attained 68.85%, exceeding AdaTAD by 4.06 percentage points, dem-
onstrating that the performance gain was preserved under stricter temporal boundary-consistency criteria. Further comparisons with
representative approaches, including TadTR, VSGN, AFSD, ActionFormer, TriDet, DyFADet, and Re2TAL, showed average mAP im-
provements of 38.82, 33.83, 25.29, 4.09, 2.83, 1.20, and 6.06 percentage points, respectively, demonstrating stronger overall competi-
tiveness. In terms of efficiency, the model ran at 65.78 f/s with 27.941 million trainable parameters, indicating that the accuracy gains
were achieved while maintaining a relatively low parameter overhead and practical runtime efficiency. Overall, task-guided prompting
and multi-scale temporal modelling improved key temporal feature representations with limited parameter increments, thereby benefit-
ing localization of short, sporadic behaviors. [Conclusions] By combining VPT for boundary-relevant attention guidance with an MS-
MA for multi-scale temporal dynamics modelling, the proposed AdaTAD-based end-to-end temporal action localization method im-
proves localization accuracy and maintains stable advantages under stricter boundary-consistency requirements, while preserving prac-
tical inference efficiency. The method could provide temporal information for reproductive behavior monitoring and decision support,
and offer a feasible basis for building individual-level, time-resolved management systems in real farming environments.

Key words: mounting behavior; temporal action localization; AdaTAD; precision livestock farming; multi-scale motion modeling; end-

to-end model; smart breeding
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