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Efficient Transfer Learning for Dynamic Point Clouds With Progressive Adapters
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Abstract Dynamic point cloud videos exhibit intricate spatio-temporal coupling. Current end-to-end methods are
only evaluated on specific datasets and tasks, generalize poorly across scenes or tasks, and must be retrained from
scratch. To uncover transferable universal priors, we refocus our investigation on static point cloud foundation mod-
els. In this paper, we first identify two bottlenecks in existing transfer learning methods: Heavy computation and re-
dundant design. To obtain a compact and lightweight solution, we propose an efficient cross-modal transfer method
that uses progressive adapters. It reduces self-attention from quadratic to linear complexity with non-overlapping
sliding window attention. A shuffled Hilbert-Z bidirectional scan curve converts the dynamic point cloud video into
a Mamba-compatible feature sequence; progressive gating fusion then lets the foundation model and the newly ad-
ded adapter cooperate efficiently. The foundation model weights remain unchanged and no external auxiliary
designs are required. Experiments on MSR-Action3D, HOI4D and SHREC'17 show that tuning only 1.8% of the
parameters already surpasses existing baselines, confirming the superiority of our method.

Keywords point cloud video; transfer learning; hybrid architecture; attention mechanism; efficient adapter

Citation Sun Yi-Ding, Zhu Ji-Hua, Wang Yao-Nan, Cheng Hao-Zhe, Lu Chao-Yi, Chen Lin. Efficient transfer learning
for dynamic point clouds with progressive adapters. Acta Automatica Sinica, 2026, 52(8): 1710-1720

Wk F199 2025-11-24 A H I 2026-02-13

Manuscript received November 24, 2025; accepted February 13,
2026

EREHRE 24 (62125305), BB A HEFERERES
(2025JC-JCQN-091), BRPGAEARAIH 51 Stk (F4) HwomH
(2024QY-SZX-23) ¥ Bl

Supported by National Natural Science Foundation of China
(62125305), the Natural Science Basis Research Plan in Shaanxi
Province of China (2025JC-JCQN-091), and the Technology In-
novation Leading Program of Shaanxi (2024QY-SZX-23)

BT IZE M

Recommended by Associate Editor FAN Bin

1. PH AR 50t Fi%2 710049 2. ANLRA IR RY
A E IR E i 710049 3. IR KA LA SIS
B Kb 410082 4. ML ARLGLIE AN 542 1 50K B K TR SE
O KPP 410082

1. School of Software Engineering, Xi’an Jiaotong University,
Xi’'an 710049 2. State Key Laboratory of Human-machine Hy-
brid Augmented Intelligence, Xi’an 710049 3. School of Artifi-
cial Intelligence and Robotics, Hunan University, Changsha
410082 4. National Engineering Research Center for Robot
Visual Perception and Control Technology, Changsha 410082

IR, WA LA ANBORY, 5 IS 5
SEL R R T SRR  PE R JR, s A f 5 |
T RE SEAERBNES AR, Ba
A — 4 =3 (8] 5 — ZE i [B] @A, $0A S 9 KR
). BRI S S MR R 2 2 kR A
B B R B 21 B ORER. RE ST Trans-
former ‘H F1— R J7EP O R ISR
F5 IR I, (H B Al 1% 4R A AT 4D B 2 REAIE il
R AT 1 I 4 7 1) A A 0 2 B A 1 [ A R 0. ()
B, M2 T v A “— AT 55 — BR[04
Gl BEMNEAE TEETSEH. £ TaE
MM T N T F S s, ERESFRE
B R &, XA N UL S B MR Rk AR
By KM LR SZ 5 N 3P4, Rk, iTf 5


https://cstr.cn/32138.14.j.aas.c250666

8 Ph— T4 BT WA OE R A B0 s R RO R 2 21 J5 1711

A S HE AR A B 25 5 1 eI RN, A e A
15 U S s A AT AR AE SR O R i AR L T 5
I FTTT IR, SR, BT s MRS S i s fE
TE L R A R BN AT S YL AR AR RIRBAS
225, HARIT B HR A LRI AL 2 A B AT 55 A4
LR 2 P RRIR AL Y. Point CSAFR LA £ 3
i IERC#E GCTA (geometric constraint spatial-
temporal adapter), & i EHIERC A (adapter)
SRS BB B RLE, £ 2 TSR 4 LIS
PF5 2RI AR RN BT H AL A LUK I, %7772
552 BT XE RS —J7 1, GCTA &858 2R 45
FE H#A Transformer )4 E, XA Z 5
AAMAT AT S 06 P TE T, 1X — 7 Z8 2 B IR AL ).
FRAS B HE IR AL 00 3 SR B 9 A DAL, B
TR R 5170 (token) BE 2 XK R, Ak
N HH BRI e KRR R s MBI, 3 514K B ol i £
53, SN S S EIFESRIECR, oA
Wi 3T A% 2 2 R AN AT 4 e 1t ) i A . ) — 7 I,
PointCSAY J£T 2 RPN (multilayer per-
ceptron, MLP) X H GCTA IERCAS. 12220 RIRGR
b 5 IS PR RE 77, L ATEAE 5 N AL E R i Al
T LI 7 20 ok 58 R 25 PR . & 0 &5 1R 3 AR 45 44
TUAR P e ELX A7 B G A 2% v B AU, PR T 7R
PEAE55 B Nz AR

Ay 1 R IR BRI 52 H PointM4 J7
TR R B P AR R R AL
N TR) 52 2% B v 0 ) R, 2t — MO B i Bl & 1
BTN Z AL T LUK 1 42 )y = ) J8sz iy
FERMEBEARTE B 7. XIS BE 28 BT E TU AR 1 1)
FEH — M T Mamba 20 B2 FiElcas. 5
PointCSAY H 1% B BRAINUZE A L, AR S5 v2508
EREVRES S AR 7 eI RN, 7E4
PSR FE T SRR AR 3 I A AR LT T v
AR % R BN AR R, G e R S 4
iy 24 A0 i O T 77V, A SR A Mamba ZE 4 7E
2R ERSERA L, FHRE T ER A S o AR AR Y
AT B R ERMR. wE 1 iR, &
HFEALH 1.8% IS E BRI AT R 26 & 45 T I
SEG . SRS LR SRR, %7 EAE 3D ER . 4D
FE - EL AD 1B Loyl FHEARBES Lo ml iR
T+1.4%- +8.9% +2.7% Fl +1.1% [T RESE Tt
AR SCA K B H ) % R VA RN SRS AT 1V Rk S
PRUE T BERL AT SE e, AL EETTER W R 1) 4047
WA BN R BT 5 2] J7 R AN & 2 Ak it
XIS 2) Wit R ES WA E NER T, 4
PEAGIT TR 52 2% FE, DA AR R BRI AT RE 775 3) 4
HH e RIS 2 4 4 5 gk OE C P [ Mamba

96

@u us (Point-BERT)
94.8%

¢ 91 -

= Ours (PointhAT *f}’/g@\[,[&%fy

Y 86 { Ours (PointGPT /41}11’/,191 ~ '/"fv"/;égf/ "

Eg:l o % ly gy 205

=~ 814 N H1mm,\1,\|;
76 . . S f— @

0 2.5 5.0 97.5 100.0

TSI BRI /%

K1 AXHIA IR ST 2 SIS 8B ERIxT tE
Fig.1 Comparison between our method and existing
methods on performance and learnable parameter ratio

TERC RS, F R R A T AR N IR T S IRz (R
715 4) RIXTTEAE A T 45 ik B & et n)
PERE, £ MSR-Action3D ¥4 FARE T HiT %
KB F8 T 15.0%.

1 HxIME

1.1 BSEniEE

FRAS L DA = g 23 () B HCR AR 2 A LA 5
K g, &3 E L E bR R AL
BEPAZ RGN Qi MW IR HEAEH T BT
SRR E N 2% PointNet, LA AL XS R oA £ 5K
MBHAAM N m ARG ER S —HESL.
BE & o REW A &, SRR ERAER S A
HAm AR AE. SRR 78 o I H X R, oA
VBTN SR vE RS A, X 8 U7y 5 B i it
FE 15 PR ERAT 552K 78 02 2 s8R UG
FEAE T U i 45 Bt AT BT S5 p0iE e S0 . I
BTN S F B NP — PP Xt b T
8l — P AR S L X b T S5 i
ey g TE AUREARR , PEAREAE 25 A4 AR AR R v B A AL
T, AL BE AR A A HE 2T, N T A S R g % [X 0 A
[F) PR iz SE . Bl an, Xie S50 $ L AAT 48 58 7 vk
KA WAE FUOREA N Afham 2509 S P AR 26 1) AL 2
WIS LE 22 2. 3 —J7 T, AR i AT 25 SR AR A id
To B G R (1 o N B SR ) A A R S
FERVK B R # SR, Pang 2500 ¥ 56K 1% A8 N
T =4 5 =AU ; Zhang 2509 3 — 48 F B R AL
Transformer FF ¥ T1AH B I HERD SERG. SRTT, 1XLET
YIZRAE Y AR T R K, (2 AT 32 fR T & I
FWALS, NEES R a2 H#IS%E KB
N IETCAS, WX LA AT A% B 5 2 A A3 i 493
Ky ALY R S .

1.2 SRR

&R BRI NS R e, B A



1712 =l 3

1k =2 Eitd 52 %

B LA N H shZ 3R iz B, 4RI
G T HARFWE. S S s IEA N TP 5
Mt [E) A 3 P R R 1, TR 75 T R A 1 T VR R
A BRI 2SO . 2 A ) T vk R A A
TARR BT Sk BT RENTER
Choy 507 #2855 IR = AT IR R AL,
4D PR R URFE ; 5T 5500 5 V208 FH PR B = 9
LR T Z PR 288 i, Fan 5P R B Trans-
former 424 >R385 45 74 X6 i 25 A1 S O 42 ; Deng
L PR TR S B AR &2 4D sl
A, T SRS 2 ST R A R s T Bk SR
RGB- S = hFZIEIRA]; Fan 500§ W 550 2
Transformer, 8t 4 5 B ST AL IR g AL I 25 &5
¥y, 76 75 B AR R R ATAS e AR 05 = A B 45 Liu
SR T — R IR S R AL 4D B T
7% RS IR LT VEAT AN, ABAE SRR I A R A A
TVE AR Pe KB4, Ay ki@t & w0
SRUF I 3D FEAHRE T Sk v R 2 ) BN A 8 H
BEMEAE Yok D I RIS 1] F ) N, 08 31 5 e v
I RE.

1.3 Mamba 5 Transformer ;& & %244

Mamba 224 T~ H 28 14 5 2% FE A g K4S 2
RERES), ITFRBNR RS )OI E
—. ZJEF| Mamba ZEM I8 PE, 12 7152
¥ Mamba 5 HAWSEM 25E . B, X T HL9AT 5,
Wang £ [A]i K Transformer Al Mamba 224 45
&, IFHTEES R RRZ2]. A, HatMAe &
F T R = AR e () VR & A 7 V. A S IR K
TEAAS 506 Transformer TRIZRAE I ATEE T,
¥ Mamba {E A& Be 48 N LA B8 A 48 DURE 8
(4 4 R ik SRR A KA 35 Mamba 244 (1)
PFA, TEAMZ B T .

— JFHRA

= P
& ® " R
o g4
= = HE
1 5 IS}
= B =
i o 7 R =
B “OI58|0 o
= e e *a
K| r=a |2 E=S
J‘DE § : ..........................................
L = ® R
*® = A
g & O
£ R &

2 FIELRH

ATV R EAS S s T SR B 2 5
M FE A e, FR TR 2ol f o BT SS,
DLR A RAE M FE SZAR8 1. 5 2.1 A4 T 3D
SRS (1) T AL B A Je FLFE T Transformer 2214
PIRT MR A T BRI R R AR E, RS AT
R, F22 T NATETLESHINEORER
FIHLH; S T Mamba 5B K 8RB 1 i) 2530
A, 2.3 WHRHETHTE A HEHER Mamba
ERCds, HEEA A BAEI SR, iR
JE X RFAEHEATORG TR 1 (RIS o B ) 2 2% 5 42 il 72 2%
PR, 7R R AR ZER I 2 B,

2.1 3D ERHERIELT

BE—NE L PeRYS N RINARFES
(1) s 2. LA Point MAE!M B8 1 5 S8 i Bz
FORFEA KNN Bk e B m m A2 5k
R PointNet!™ W24 58 BN i = W AR R
gmid, idA PO e RVXEX3 Hodh g 0% KNN &
AL ALK R . PointMAE 2w i % o B X 1
PointTransformer JZZ4H %, fE8/— 2 #SH4T H
VEF /I (self-attention, Attention) L5 A 15 #i £ ¥
% (feed-forward network, FFN) M4, BARR
Ui, X T R R ARHE PP AT A R n
TR
P! = FFN (Attention (P')) (1)

BRI, A R 2 SRR R A = B 5 1]
HREIIAEST. T R A R R A AN &
Pic 5 SR BE 15 A L AR R I 4 I P 2, AR DR
SERHBI R S5 B HT B T REAT A B . A
FELEYE T SEBL 1 A T A Hr: i, i R
W EBENE O, LB R AT

e
Y, P
% —> 3D BEIR
= E i I e
3 R % - - x > 4D FFE4rE
KT E = 2 || S
b = = 5 || > 4D ESE
7 = £ cl|é o
b —> FHU
ffi B m T
Y, 6 & T

— S NN

2 PointM4 B/~ 7 K
Fig.2  Schematic diagram of PointM4 model architecture



8 Ph— T4 BT WA OE R A B0 s R RO R 2 21 J5 1713

)Xo FF, 4 e i 7 0 3 B AR 2 B 10 403
HARFR PN A AN . R X Rl 73, A SCHE
Transformer JZ N AR TEE IR &,
[ o A AR S P 2 TR S0 R, SEBIURS P2 5 R 1)
BT, 53— 518, A SCH IR UK Mamba 2244 H T
BN IEEE . ERIEREE R,
UGN BT 2 S8, BIATSe i A 3D LA
PR TR ) 5 A 25 2 i RO . N Mamba 38 it 2%
(% H 5 R R ASE AL AR T L, A e 7 — st =X
TEBCER AR, K R 50 58 B (R E P 51 S A T 2% 7 471
DA i) B 23 44 i 3B A5 AE R PO T U 4 4D R
JIT 75 B FE A

2.2 ETREEFNEOREIENNSG

Transformer BG40 E XKW, FHXTTHT
CNN® Al Mambal® [ 7732, FL 20\ Sk 5 2] 25 (1]
KAMBLE R R, X T HOhRE ) B TP AL
KyF AR ial Ju A8 4k, T 2 T TR0 I AR
A, LR — TAECEHFhREE R AR
7 R B TFE 5 HAE RE P50 ) Point CSAP J& Il
#x BAR R B Wi 5] NI S B, (B2 1% AR
15 B AL 4 JR i B 1R — AR R ML . 5 e 3
B RARBA LR ARG H A1 B Fr 2
TEA AR I N T FITEAR BIRTHE T, SRS B b g )y
BB IF AR OT R TR AR
— LTS 3D & ORI E L. Bk
Ui, —MEEN R WY 2 AE D, IEE D
PR R B DL R TR 6 JE I R s AR AR
PV A E S =4 DK, W HRSE
BN w x wx 3. WHWIIEE o ANEH, WE:

PV'— [S], S5, -+, S, (2)

A, S, So, oo, S, RIS 3D B XA
AN, RS O NN B EE L, NE &
Attention 4P J5 B E RFAE:

Si = Attention (52) (3)

X, VERIBCE S BN D et e & 2 M
A, S8 T B B DR, R A S E)E X
F 5 W R s R SRR B N BT R RS B
A, fEE DR BREE, AR E—AE DR
P05 P (concatenate) &, L[] Faw, M
TARAS AT T F — W B A 2R 56 8 55 2 RFAE 7 4.
RN AR AT AR R RN

X' = (81, 8, -, 81 (4)

BE N LxNxKx3 WS WHF,

L Z RO, SRR (B S
AT ]2 U A I TR, 54 S A
H O(LNK)?; 11 PointCSAL HEA7IEMI7 11 7%
I, GAREN O (NK)PL). A i
FAWEE O SS, WK 2 T R
O(LNK - w?). % & FI0 T — A 5N 2 2 0
BRI, VNE 8% 2k T w B, T LK
R B 0 0E, 76 0 45 4 2B o 1T LA S
{2 5 2 P 30 25 15 25 FEAR.

23 ETHZHRBSHENBEERN Mamba i&
[

W 2.2 IR T, WTRIRR A A
5 A A — ot B A TR AR AE s 56 2.3 T E I
Mamba & Bt &5 A 2 ml = A P 58 B I F 3,
FERF SRR MR 2. 255 /0 M1 Mamba G AL 2%
FEHAR IR B I A T7 2 5 K, A R
A AR BT S R AT R e IR = ANBRSG: 1) 4D 3
SRR 1D AR, B 7S 484 0% R Pk E| 2
2) Mamba F3% AV BT HE T HAS 522 H A BRI
Tid 2 PIBRER A (hidden state), TG4 Trans-
former —HFE S 4 RS 3) BT A0 = MU RRAE
PR T H A BR S E § A R s IR A%, Mam-
ba ZEHE A B A N () B tR 78 X6 T 5 271 £ 52 W g
T S, AR A LR R

ARITTIES H — BB N Bh A = B T E
1) Mamba I&FC &% . 5556 AT B 140 B 7 A [ R
LEANTRL, N T RO BERS 1), 25 R B 52 A A A [R] 2
JEE PR 232 1 R A ) 24 E I s R, AT — b
B BRI 7 AT i 2 SR SR ECAS [F] 9347 th 42 1) EL HEAR
. BRI A RAARE T 26 A0 Z 7 2877 AR R 7S Bl AR A
KBENLIAR R UG 7 51, 70 FE R A R 25 I A 32 T 42
Bt ER SRR MIANFEIRLA, M 7] FR S 2 FE AR
Ry N SERRIR 5 . AT RS 2) Sk
iF 3), X TAEE R A A AR PV, $2ih—
FhAT 2 ST 0 ) 2 [RPIR S AR Y (bidirectional state
space models, BSSM) 2, i#id J:4712 17 BN )5
I AR, IS P o R I TR RS AN [E] i A
IR RN G — RE, AT AE DR UE4 ) AR 1 =] B 57
B [ AT BEA 2 )R OR A&
2.3.1 ERERTTFAEhL

W 3 fios, 2T Mamba T4 BT AR AN
BV, XN T A X 53 AT T IR S61Y FS )
S6M". R F S6 ME 51 J7 A B 5 — A RUF AR kAT i
T (BB BFRR), JEH S6 WE 5] J7 1A 1) i
Ja =N R HAT AR (RS ERR). B



1714 =l 3

(8

¥ i

52 %

MR B R 1 XU IR 2 SR 3 A 4 SRR 5 XU % 6

ezl

5 i 5

™

0k

SEARTY S | M4 — SERIER R | M4 — SERfi R M4 ———>

— BRI R M4 — HRE (M4 ———
TR FERl AR ZENE)
Kl 3

Fig.3

KA JT G, R AR BLSEELXUA KR AT I8 4T, JF
PR s m I R — A RS B, SRR S
[, ST R

40 ph 2 B0 o 3 45 R 2 OIS e 4 S [R] 1
JURT SR e Ay —4EFp 51 I T i s MU
I, e 2 s (AL 3 4R R AR AR TR (1 = 4E R L AT =
8] 5 — 4RI 25 (B 1 2H G SR A4 4 it 26 A 02
2k, 22 Xtk A ) Apdr dh2af Z e fh 2655 SERT
TAE [20, 23] B2I8UEA /RARRF - 2R A R AF R
FRRE, 10 Z Py i 2 M DLim R A B AR R, 5
JE B 5 = MR PR PR e ROE R 2 ST H AR, AT
JVER LI P el g 2 g A v A ST B A ) EART SR AFE T
SR ] B S AT 2 R HE e R AT I (B HE PP 1T
VLK. XM TR IM,, —SENER
JE b AR PR ) s S B b SOR AL RE AR o 22 58 4
AT, 1B — B A 45 Mamba $t=Z N2 A
ML FE I 22 5 AR KT RE T, 10K B0 ORI D)
) RUAE PP F1 4340 i A T8 S0 5% AR o B SO
UL, AR R PR S 2, Wi 3
i, AR IR 5 [ € 1A R AR it 2 A0 Z e i 2
PAAS BRI LS Pk i N FPAZAR, S8 U N
X-Y-Z-T, Hrfr T A9 1) 4, AR AR A A
SOME. B BERE (shuffle) SENE, BEALKE P it 26 1)
ARG BEgs AR R B IE RO g%, i BRI R
MEZALA RTINS 2% &, BT Mamba K
FEARASAE /1, ANTTTHE 3372 7 ST K2 AL fE
2.3.2 HAERBEREFIER

SIS R DL, 44 78 A BLARHEAT IS A 2 X A A
PEREE D T RE I . 3% H TR s PR A 3 5%
Hh A SR S A, R B Y B 4 s A
9 EAAS K PR T G A0 B 2 (AR AR 7 AR A R
N T G S i BRI RR S IS A O R
Z IR, AT Ay BAE R FF A M R I LT 52

EENEES

WARERECESE i & Tk =

Schematic diagram of the bidirectional scan and shuffle strategy

RERE AL R i & £ k. R 2R K ELE
SEPLA R I T AR R, ST Y, S e
UL Yy, $RH— & T3 i a P RIEN s %, #x
Nt E R FIERS” . Bk B, w1
(4) FARBIMMR L X, RBOY R KBERNG. 2
Ja , FLIRE R R AN A Y, Y A

VY, Y3 = BSSM (X7) (5)

A, Ye, V5 XKk ETRARAH R, HARA &4
Freg & WEhd M B B, TR M5 S50, %
AR i3k KOG B A 28 BN M Bhas . Witk &
LW AT

g = o (Linear ([X, Y7, Y3])) (6)
ProAda (X, Y1, ¥2) =g (Y10 X +Ys) +
(l1-goX (7)

1, o 4 Sigmoid BRI, g Rt 1%, v M
Yo FERTAE AR B I, ProAda i ik s0E AL,
© RINIZICE AT (element-wise multiplication).
TGS I RFIE 7 81 B8 5 A 4808 N R 45 1) R s Rt A
BRI Z it — 0 A B, RRAEAL PRI 2 W

PV = FFN (ProAda (X', Y{, Y3)) (8)

X, PV RIS ¢ EEMA 5 Mamba i&
Fic o 5 AT A HLE ORFAE, FRRIBOENES @ + 1 JR1F N
BN %, AT DO e — = e R ROy, B
PRI R e AR

Output = Average (PVLayeT) (9)

K, Layer T8 Sz 20 1 Z80. R 52 >0t
B, SRR A SRR 4, RA
Bl NI Mamba & BC A8 2 AT ZR 1. SRR ZEH4
1 B 21 3y Sl 1A 00 it b KA IR B T = AR



8 Ph— T4 BT WA OE R A B0 s R RO R 2 21 J5 1715

M, B0 5 1 A £ 7 A e .
3 KWERS5HHH

N T AUEB PointM4 [ARER M, A 73 BITE 3D
FIVER A, AD FNEH. 4D 15 U4 FIA T80 51
B4 FibAT 73858, AT 5 0H HEHT AT,
ASAEH =ZA S HL1) p = FEREAEE Y Point-BERTEY,
PointMAE!", PointGPT! {E R LR ¥
PointM4 B H F iR = AN 28R o JF X i = A
FLBHAAE ] T se AR SRR % B, ¥7E Shape-
Net® H#ig4E EiE4T 300 IKIEAR (epoch) HI I Zk.
TEILFE 5 2]k AR, B FR S i = FE RIS A (P A R
g5, INH BT PointM4 BERAESS L HLM S 4. ik
PERENLEE B T BRI B, 22 ST R B3k 1A
0.1. BT IS 50 YGEN. BT 526y
7£ NVIDIA RTX 4090 F 4T

3.1 3D HEIRAI

KT E JAE MSR-Action3D P H 445 F 1Pk
TR, UURIRFAE 3D B E R B4k b i A
Rtk MSR-Action3DP ##i £ t 567 AN FE ARSI
MR, A5 20 PSR SITESRA]. B — S35
15 40 M. $% 88 P4Transformer® ()7 28 1% 50
LRI 270 N YIZRASAT 297 ASTARA. R T
PPAGHE AL B AE AN [F] B (8] 23 #2383 I, AT

3 BA 12 Wity 16 iy 24 Wity 32 WidhAT 1 SL8, IFAE
BRI RAE 2 048 AN . DL 2 i g B A e 15l it -
MARFE 64 M4 . SRA S P4Transformer® fH[A]
(152 B SR R HX 25 A A0 P R AAE 1] .

% 1 B/n T PointM4 BT 8 24 ] 1) 45
(TEBS LA IE R % ) 1 Point-BERT + M4,
PointMAE + M4, PointGPT-S + M4 Ji%). 5%
T 4D 5= MARE iR ) P4Transformer™ #HLE,
PointM4 75 45 FI A& S s B8 B 1745 40
PIPERESE T, Rroil 2, BEAE WUT 54 B 3E i, P4-
Transformer™ K145 RHEFZ M, UE#H Trans-
former ZEFITEK 7 51 AD FUARER B 5 1] A7 75 BB .
FEIZ, PointM4 (1)1 A 5 B 55 15 4104 B 1) 38
i, X —45 R, KBS a s BB
SRR IS L AT BB A S s AR AT, 5
IR, S5 IA GRS 28 R 5 21 07kl AH L, AR
NIRRT Mamba {E NPT % ) &R
% TR A FE AR A AT 4 ey JB RN ) R AR K
IR R
3.2 4D HENE|

ATt AE HOIADP Hdfs 4 _EXt a1 73 &)
FES5EAT T 5256, 5 3D s IRBIAF, 4D 3ifE5
FH H bm o2 5 1z AL ) B — i 7p BE B A A
2. 158 HOIADP (E JiifE, Rezdda Ll nh

#* 1 MSR-Action3D HIHEEINERNUERH (%)

Table 1  Action recognition accuracy on the MSR-Action3D dataset (%)
UEVEN T3k 12 1 16 i 24 i 32 1
MeteorNet 86.53 88.21 88.50 —
PSTNet!! 87.88 89.90 91.20 —
P4Transformert! 87.54 89.56 90.94 87.93
Kinet? 88.53 91.92 93.27 —
A L PPTr¥ 89.89 90.31 92.33 —
LeaF& — 91.50 93.84 —
PST-Transformer™ 88.15 91.98 93.73 —
X4D-SceneFormer?” — 92.56 93.90 —
Mamba4D?! — — 93.38 93.10
CPRFP 91.00 92.15 93.03 —
C2P® — 91.89 94.76 —
(g%;ﬁ;ﬂ%) Point CMP?! 91.58 92.26 93.27 —
PointCPSCH! 90.24 92.26 92.68 —
MaST-Pre — — 94.08 —
PointCSAV 92.04 93.73 95.12 95.47
AT RS2 ) Point-BERT + M4 92.33(+0.29) 94.77(11.04) 95.47 (40.35) 96.17(40.70)
(3D TRUNZAERLERT) PointMAE + M4 93.37(41.33) 94.08(+0.35) 95.12(40.00) 96.86 (1 1.30)
PointGPT-S + M4 93.72(41.68) 94.43(+0.70) 95.62(10.50) 96.52(4+1.05)
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G N, HAEH] T PointM4 78 785 7E 45 8] 2%
1B T R B SUE B CAX 2 SRR Z L
AR, e TR EERBEN TR Ait— P8 E
PointM4 7E B 7 it BT AT 5 AL e A A it
177 AT ST B, B 4 B, R 2R A IR i A
5 R AR AR A, 7E18 Bl ik 2L X 3 b v ™ i 4y
E), 53R [32] MW . PointM4 5 A5 XA
Mamba & LA, SI1EL S e O kA, I 522 )
T RIS, TEARUERCR B[R 32T T 70 Ek .

#* 2 HOI4AD K L an 7> H kA
Table 2 Action segmentation accuracy on
the HOI4D dataset
UIEyrEe WARES R (%) FMEEE F1Q50 (%)
P4Trans? 71.2 73.1 58.2
H B2 PPTr® e 80.1 69.5
Mambad4D® 85.5 91.3 85.5
P4Trans + C2P® 73.5 76.8 62.4
EsEig  PPTr 4 C2P™ 81.1 84.0 74.1
(3 35 5 ) X4D# 84.1 91.1 84.8
CrossVideo 83.7 86.0 76.0
PRSI

(3D TRIMNZHETY P4gTrans + M4 80.1¢ys.0) T4.7(11.6) 71.7(413.5)

3.3 4D EXHE

NIRAIE A ST VEAE AR FEAT 45 1 iz A R
ATIE HOIAD P S dli 4 L4k S JF R T 4D i Xy
FLe. FER GPU WNAFR 5 K721 I 8
R, e 'ﬁuﬂJﬁaTmﬁFJ EEL—30 3 Wil A,
TEAGFE AR A 39 KARZE M5 I EE (mloU). 3£ 3
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Fig.4  Visualization comparison of action segmentation
between PointM4 and baseline models
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Table 3 Semantic segmentation accuracy on
the HOI4D dataset
T3l LN s mloU (%)
P4Trans! 3 40.1
P4Trans + C2P™ 3 41.4
P4Trans + CrossVideo® 3 42.1
PPTrH 3 41.0
PPTr + C2P™ 3 42.3
PATrans + M4 3 428(42.7)
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RERE Y Rz AR 77, A /E SHREC 1757
HAE4E Lt AT F AR SEEE. SHREC 1767
2800 MMAIZL %, 5 28 NI, #% 8 PointCSAY
T %, K EEEET R T0% (1960 AR KI5
yyun%%, A2 30% (840 MNMALAR) K1l 43 A £E.
KT 5 MSR-Action3DP0 Hkf [] () 22 #) Al R 2
HOoRHHATSEL. Wk 4 B, 5OAN A R EEMA
B RARLG, AL RS T 5 & 1 R R
PL PointGPT!M NFERIE AL B T 96.7% HEH R,
PL Point-BERT™! R ali A IA 2] 1 96.4% HEHf
K, L PointMAE! JFERlAE AL B T 96.3% HEW
K. SHREC' 17 S & — T 5 4 %2 1 4i ks B AT:
%, T EHER R B FAE A E AL ST, X E & 3D i
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Mamba FHESME. A ST X 0] 4745 SR BE 5
RS 25 414 SR T DA S ) NBEATLPE R 2 FEE, AT ik
> Mamba #EH Z ANIA HEWTES 25 6 &R XS
AR A o FL e RGP 3 AT L35SR 36 11F 1% SR s 1 5 RX
PE. 3R 6 UE B AL FH R i) 414 SR e R AT S +1.9%
PEREIR T, IXEOAE 7l 4/ b SCE R S S

# 4 SHREC'17 $i4E T AR MUERZH (%)

#* 6 Mamba 5 HENE S AR AT IR L BRI T (%)
Table 6 The impact of Mamba scanning strategy and

variant types on model performance (%)

IR A
B U e g HERfZR
XYZ YXZ XZY ZXY YZX ZYX
BO X v v VY v Y v 949
Bl v x v VYV Y v 942
B2 v v v v v v v v 938
B3 v v v VX X v v 953
B4 v v X X v v v v 91
B5 v v v o voX X X X049
B6 v v X X v VXX 047
B7 v v X XX X v v 94T
B8 X X X X X X X X 92.3

Table 4  Gesture recognition accuracy on the
SHREC'17 dataset (%)
LEYEN T3l iRTHES
PLSTM-base®™ 87.6
PLSTM-early®" 93.5
PLSTM-PSS® 93.1
AW E IR
PLSTM-middle® 94.7
PLSTM-late!* 93.5
Kinet®! 95.2
5 B 5 PointCMP? 93.3
(3 5 547 MaST-Prel 92.4
Point-BERT + CSA" 96.2
PointMAE + CSA 95.2
PRI RS2 S PointGPT-S + CSA 96.5
(3D FUNZR R ALIER) Point-BERT + M4 96.4(10.2)
PointMAE + M4 96.3(11.1)
PointGPT-S + M4 96.7(10.2)

R WENE LRI E R R SR BE ) R
Table 5  The impact of sliding window size on
attention efficiency and model performance

RO B ORSE (05)  RWiE (FPS) HEE&SL (%) #EFHE (%)

A0 640 x 240 x 3 102.9 54.5 94.4
Al 16 x 16 x 3 110.7 36.9 95.4
A2 8x8x3 112.5 36.6 96.8
A3 4x4x3 113.2 36.5 96.2

BHIARB S . e A, W R SRS B [ 5 PP 7 Vi
255 B4 IR, A RBOBATHL 7 £ 48 Mamba
FROE2E SIHEZR () R PR, RIS, 5 AR A=
JP TR0 2 A EE, AR ST S R, BE A AR A )
W% BB R R 2L B SS B B A R
HRS H 2R A Z e b 207 A2 1 22 A AR AR TR T
P R o WY T R 53 % IF 5 5 A ) RE DA AL RS
WHARSE R FINER. & 7 BoR 7 ER &
P AEIEIC 7 V2. WEE 2.3 TTRTIR, HAEH Mamba
FEHAE N B A AU FERITSE AL b (R M g 2 IR ).
55 I R] I A5ORH A i KB I 2K ] B I TG T VA AR
DEE L EESAEZ. TR 55 S 8E
SR 0 ZUH 1R T R R S T VR R G Rt
UG AC 7 G I A0 145 ML Rkt i 22 3 g
AR A 1 3 HE AT RF AR 20 AT, AT (AR B0
A BB 7 2 Be 7). Sk gk =od fe i sk
A LAt h A5 R 5 Bl 3 e 2 1) FR 45 B
R, AT Hl5R L C1 5 C4 PIFhRL& HES £ MSR-
Action3D sk EHEAT 1 t-SNE FAE R AL, B 5
B, BRI S E0S  ARE S S A R E
IIATAFAE — ERRBE (VR S, W A S A4 45 S L
TP M C4 AR i AOE I, 8 A A TR,
SEIFERIL S50 5 I PR 78 B W A s A
EAC5 RERMR R O RBRIBF. 25 8 2 TR A
B H o AR EE A L) Transformer 2443, BA
PointMAE!M Jyfil, $24t 1 JUM A B J7 5. NTT7
fFEE A, K Transformer 2R~ A [T], Mamba &
BeFeonJy [M]. AFE 8 TR D1 R FY AU B 1
REBLZE, AR G & M a5 oM B B B
ARSI PR AL DO A5 AT DA SE 47 b~ i 3 e 28
Fay, A AL AT S5 o Ji ot S L P [F] E
WEHRNKENFEH. ACHE 7 PointM4 5
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Table 7 The impact of adaptation methods on
model performance

[t &R AR I (%)
Co ik X 92.4
C1 AE N X+Y 92.3
C2 ISUN: max(X, Y) 90.2
C3 Pz Linear([X, Y]) 95.5
C4 ik UER ProAda (X, Y1, Y2) 96.8
t-SNE " 41k
N Py Ay
Wi & v
»o ¢ =)
® [ A
ﬁ“ ’ .Q Q "g >t
| ‘ ’ . o -g'v
‘,. \_2. S “ L)
"'
V
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. C1 0 C4

K5 PAIERCTTIAH t-SNE AT ALL
Fig.5 t-SNE visualization of two adaptation methods
8 BRI XS ALY R A 5
Table 8 The impact of cascade order on
model performance
! R SR R (%)
DO v [TM] x 12 96.8
D1 X [T] x 12 [M] x 12 90.6
D2 x [T] x 6 [TMM] x 6 92.5
D3 v [TTMM] x 6 93.8

Z MM S mER T EY g K5 GPU
WAE S H. i 6 B, HTIE TR HMHE
A4 Transformer ZE44, H A AT H ESBEERA
U5 (1) 3 T R ) 7R 32 iR 2 HA B A7 R
J& (out of memory, OOM). bz, KX LS
% F Mamba HIE R4 BET, WAFTHFEE NZENE, [
B HAS T BRI SRR

BARIEBN R, NIGIE TR 5 1A 1E SLPR & R
HISZHf P, 22 9 XTE T PointM4 5 PointCSA ¥
B HEELAERT 0 . BARAR ORI NI DRIy
55 7S b A A A P A BN TR) 8 N & 4.8 ms A2,
{HAZ AR TR HEBE RS [RIA 6.7 ms f£ % 3.2 ~ 3.8 ms,
BN 43%, X EEARIL 7 2 1 R 2% FE X T H SR 20
(1% ff. BE B B, MM N MR 2 36 WU,
PointCSA R RAFFER 584 KA, 1 PointM4 & 4L
RN 9.8 ms, #HEHIR I — DT 2 96.8%, 770t

== PST-Transformer == PointCSA
== P4Transformer = PointM4 (Ours)
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Fig.6  Comparison of training time and GPU memory

usage between PointM4 and existing methods
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Table 9  Overall reasoning process time analysis
. L, TUCELRTE] BIRIHERR S abERERR
WARES i (ms) 1] (ms) (ms) I (%)
24 3.3 6.7 0.9 95.1
PointCSA
36 AEH (OOM)
24 4.8 3.2 0.9 95.1
PointM4
36 5.0 3.8 1.0 96.8
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