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From geometric analysis to semantic reasoning: the evolution of
robotic grasping perception paradigms

Z0U Shilong, HUANG Yuhang, YI Renjiao, ZHU Chenyang®, XU Kai
( College of Computer Science and Technology, National University of Defense Technology, Changsha 410073, China)

Abstract; Robotic grasping perception is a fundamental prerequisite for autonomous manipulation and embodied intelligence. The technical
paradigm is undergoing a profound shift from analytical methods based on explicit geometric modeling to intelligent perception frameworks driven by
data-driven learning and enhanced semantic reasoning. Research on robotic grasping perception was systematically reviewed along the lines of
paradigm evolution. The evolutionary process was described through three progressive stages: analytical geometry-driven methods, visual data-
driven methods, and semantic understanding and reasoning enhancement. Representative algorithms and key technical pathways for each stage were
examined and analyzed. Through a comparative analysis of input modalities, data requirements, generalization ability, and task adaptability across
different paradigms, the advantages and limitations of various methods in unstructured environments were summarized. Furthermore, the evolution
of grasping datasets from planar benchmarks to large-scale comprehensive data was systematically traced, and the quantitative evaluation system
composed of task reliability and proposal accuracy was analyzed. Prevailing challenges, including sim-to-real transfer, inference efficiency, cross-
modal information fusion, and the extension to complex tasks, were identified. Future development trends that integrate embodied foundation
models with dexterous manipulation were discussed to provide references for building general-purpose robotic grasping systems with high
generalization performance and robust task comprehension.
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Fig. 1 Evolution of robotic grasping paradigms and key learning algorithms

1 [EEEX
1.1 2%

B AU A% DA T AE T 2R b A A i
PATEARXT T H bR R B e il ERAS , AR A
I A Py B2 T RS e V5 T 45 2 1 A 2%
o WIESAL IR KA IR AT 2 S —A
TE 22 Y S22 ] P 18 R S 0k 1), 3 H A e
R 1 SR B I 5% 45 2. (1 RGB-D Bl —
Y i) I R 2 A U] 249 R S sl i

SORMIMLES R W BT A 2E, TREUE SCIE
MALGE B — g 2 R MR A , 1o 35 4E 55 7 X
HifE RS X 5T B 2N A B RE AL
1.2 BRI

JUHLR R (grasp representation ) Jik 1% 42 H 38
RN 5 R Z 38 B 5 1) 2 A 2, s
fid J7 N EHDE TR R I 5
R H AT R IR AR 7 vk A AR
=Hh



CER ASHH A , 26 LA BT SR HLAS A TR I3 1 0 £ 341 -
12,1 A TH AR IRBETF X FEREAT 55 Tt SORSRAR P R o S8 BT TR AR 1

VE R BT 1% (A A% 0 B0 A, 32 7 1 BTV
HRCAVE R T IR SR TE 1 N A HE 5 ) R e
%%gj = (w10, ,wy) A B 7 e w; =
(for ) B E THEFITE A p = {p, L, LT
YERS f, A0 0 0 R PR A A O T
T A fih 7 A MR w0, BEHRIH AP
FRPCSIAN L w, , PR GRFFFHRAS . BARECE
FRUE

j = 2wi = - w, (1)

IR S T 2R 5 5 38 B P i R A B B )
Mo 2R i SO MO AR E 1Y I TV LAT IR AR
HA 8w 9 e, I 7E 2 48 R 35 T /9K 40
bl I8 42 ) 55 52 2% 8l g o7 o b b R 2k
e
1.2.2 A TA@EHGINFE T T X

BEXS TV 55 b )iz A B~ A7 T4 U
P Jiang 25U AR T FL4EA 1) A T A ATUIR
FORIE SRR RS HUE N ¢ = (v, y,w,
h,0) , Ho (oo, y) 2R UG AR AR 22 1 bl 0L
B w Fh F R I BT 50 B A e L 0
FORYRIBGER A 2 T KR J7 10 o X AR
75 #5221 = 4k 7 2 Ak 1 ) A 1] Ak g — 4k ]
A5 T ) G ) [ R, R Rt e AT 1 R B b 2 4
2R A~ X BE AT T4, 2 H RS A AT
YRORG, I 5 e Ry )z R I A2 —
1.2.3 3T 6-DoF #93RI & 77 X

N T AES I A AR S R AL PR (AN A e &
B TERERR T SR ) TS B R IS TR, 6-DoF (i %555
ARIENY TR O AR R I T TG 1% BT
AR Ry = Y5 (A2 B SE (3) , SR 25m]
PIEAAL R g = (w,y,2,m,ry,12) , 588 5E LTI
IERTE =B AR R R P A8 (a0, y,2) eSS (o,
ry,rz) o AHECTA AL R R L, 6-DoF IRk fE
85 =4k A B IR R A A R S 1A i s
] 3 ML , I RAE AR AL T A2 S Wy B A2 BLAT:
55 B KM, B 52 B P A LB RE SRR SC B
TR

2 ET@EA/LAREREDER

BT AT ) LA PR RN 5 35 R ML e AU
T ) 22 ST 3, 17 A I B T W )
Wer g U BN TR 2 O R - A
LB R, I OF M E T AEL5 3R T
8 3 2 3 M A ) TLART 9 42 fih g 2 2 R B

XHAESS A A IREE 5 AR I AR I A7 e 2 AU, {H
SO ST AR RE P B v U 5 2 ) A 22 A (A
T 248 RITERAE R BIE S A, 1o BRI IR
SRR TR ARG T B2 R T
FET AT LA ) OIS 30T =R 055 1% b
AEE.

5 ['t

AL |

QS

L

Hin: CADREHI ity Ty AR

(a) FETHM IR NI T

(a) Contact mechanics-based stability analysis

Fﬁ@wjg E o4
RH
SEKILTRER 0 ig O wIbmE
12
g Vs
i L A

R EE g

o TE
W Johilt 2 Zh A%

(b) FET UL 5

(b) Geometric feature-based explicit computation

\Q:

U

() FETAES B A PIR
(¢) Task-oriented grasping

B2 b LR A R R = A5 ik i
X HOR R

Fig.2 A comparative diagram of three methods under the

analytical geometry perception paradigm'> =%

2.1 ETEMAOZHNREESW

JIH5r B 7 E B AL AE R AT L A
B HAOAE TR YA S T4E Z 8] £ b 2 TR
RFIWATIAES S A 3 T te e . FIHITE
HARBY AUl R4 i FEHE S HE 2 2 0, LA
$} 4] (force-closure ) FIE £} 4 ( form-closure ) 12! 3k
O, 73S0 R 107 A7 JEE 5 R T P 4 4 i RS Y, i



©342 - EE iR S T N e o

548 &

PRHTBUR 75 RE 98 76 318 E 3BT = ANER L 3h
Mo R TR BRI R R, Ferrari 250 $2 1
TYNEUHH 4025 8] ( grasp wrench space, GWS) S AX;
R L RIT I, J%ﬁﬂﬁz_fﬁ@ﬁﬂﬁﬁﬁﬁﬁﬁ/ﬁiﬁ
FoR R as 1), I ok ok B /N e
(largest-minimum resisted wrench, LRW ) . GWS [
PRFR A [T 0 3 2 fe i HUBOGS P A4k 30
&R

JUE BT Rl g 2 ) 7 AR T NS BRI
IR, 15 7™ Fh A 0 0 1 4 B S 0 (T E
FECHMALE ) |, MELL B B N R S A AL R
TESLPRARZE R AL PR, TN R R 22 1A 2%
SEHTAE R AL
2.2 EFLAHENEXHTE

ST M ) oA 0 3 B AN [R) T LA A
AR A 5 2 M0 DA 1 LA Ja e v 4 4
RBEATIBURRE o 31X 2 07 1538 5 AN i B 52 B W)
PRAEHY T S A ] JR &8 LA 5 S R HHE W 4T
LR

Jones 5 R T — ﬂ'ﬁﬁzﬁﬁi H bR 1)
it A CHTUBCRE S HE 22, A% 0 REUAEL 2 B ) 1K | e
NG ERER YR @@%jﬂﬁﬁﬁi,ﬁﬁfﬂﬂﬁﬂ
FA T THI R ALE R 1 5 IUIBRCF- T . BRI &, 1%
V30 b 2 T R T Bl VR BR A R BT T,
FHe 5 A 1 6-DoF =5[] 52 H. 2 L fj 4L 2y 3-DoF
Y (1% 25 ) (% A2 48 2% ) 7L, DT 156 L 28 A BB 6%
552 25 1 B i ) B 5 v Pl gl 4R B LA b R AT
IR T % .

Ty B FA R ) AT AR I N 1) LA
TFEORGRE (B H R BRAE [ A S = O 12 v AR
FEORE Tf 1 T LT A 15 5 8 ) PR S0 36, 7 TR 75
B i EEERAE SR 5 DL OB AR K 2R AR 4
AR AR XE DA SRR 51z A RE T,
SRR FHAZ B
2.3 ETESHMAIHTER

SRR 7 RO T B S FE 25 41
XAy R LRI RE R g e A A B
AT R SN RE ) Z b 3l R BUE SRS &
R MG B > B e AT 55 7 5K o

Stoytehev 25244 47 2% i IRt 8 £ 4k Sy —
Pl FSUI AL B 1) IR B A, BIIE 2ok B Y 48 E LB
T 2R S 2 T EL A ¥ ) [ 7 o L PR AT T S, T
S LRSI NZ G, ERRY
2B B, Bl g JORE TR 3B 5 AN [ 9 AR R AT A 5 X

HECRBI R R R AE T REm e R b o 7EME 55
AT BE, R GRS S AR A, A S %X
PV N s 1 2 v 3 A5 4 5y S AL B L 1 4T
A, TR BB A7 A58 AT A A AT 55

X TT VR A MATONS B A LA A 7 52 2% Y
2 5 2R A R B AN T S B 2 ) B A T
ANHER 1 D0 T, AT BE 08 1 4o S I 28 6 5t 5
A OB I fE 8 R AR I S8 MUAT 55 o AR,
o E M L 9 A7 D B, DGk U L A
DA SR RE 1 i 7 h REJ& 1, HBEPLIR Rl
FERCREAR, X W Bl HE 3 T )5 2408 38 3l =
AITIEBIR R

3 ETHREERARETER

Bl DLAE 2 S F AR G &, L AN
BT 5 1E 326 47 MU HSORS f  JHAE T8 110 e 7 110 X
R TEIR IR o A 2E . SM A
[F] , B340 9K 203 AN A % g A LA A 3 2
ORI F Dy BE JE Pk 2 A0 i QA i 2 S22
LA A &, T TR 2567 B
8 P FE BB, DT 2% 2 & 2= AR I . 1%
{eﬂ%ufﬂﬁﬂﬂifﬁﬁﬁ XH%%&M’J%WE

RE 7, Bz 7 DAL B O 000 3] BT A % ) ke
Eﬁa‘é/%ﬁ%i&%ﬂﬂn%ﬁkﬁﬂkzﬁ@%%fﬁqﬂ
T X AR AR B2 AL BE 77 o AR 27 3T S s 5
RIZAFY Y 22 57, % X BB o B2 S
RS PEAR B T B BE v it 3 ity 1 L 4 0
o AT UMb B AR 4 A0 B £ 0 3K S AT
BARW LR ZESR, B3 20l ER T =i
T EAREEER AR

U % ﬂiﬁﬁ)ﬂﬁﬂiﬁ TR
Bl

c = . =y
‘A 2 % ;( N CLIP ( [
_.' L &

LT ke

LERPA:oRZE
(a) TR T (AR ILAL)
(a) Imitation learning-based paradigm: template matching

*JL%%J\Z‘)]%%T&"‘
- il PR

AL
E i
i " LK)

(b) F&T A RS WAl B I B X

(b) Two-stage paradigm based on generation and evaluation

PATHRE




ARTEEJE , 25 L A TLART S B 203 SCHE R - AL g A HTUBURR 1 5 J P 343

553 1
TR A
mj\ iy BT 4 PITHA
L 7
i
' R
[ ]

() HETF 3o ) B X
(¢) End-to-end direct prediction paradigm
K3 SR IR S i RRE T =Rk
Xt HeR

Fig.3 A comparative diagram of three methods under the

visual data-driven perception paradigm'®: "

3.1 EFEMAEIAER

BT 27 T BAZ U AR 1o ) s BB
(Y IAT M R S A Bl . T A faF g2 )
F2 R AT 7S G B SR, BRI P B 2 5 | 7= 2k
ARy 2 s L AT , I 70 0 i i) i
Tt B0 Y S A R R PR AT TR, AR T, B
R AL [ JBOE LA X FRBE Y B85 . S 1
TR, SCHRE36 - 38 ] 51 AT IUBCH AL B,
FARYTIBCLS A e 55 31 1 SR IR 2R AR v
FET R B PUBCE A | JK 45 AT LA i 3z 2 2
e B 7 52 PR 25 ] v e R0 R, S8 AL & A
IR IR B IR 2 S W R, 47 o e e ™
( behavior cloning, BC ) F i 58 fk % 5 40-42]
(inverse reinforcement learning, IRL) & W i 3
Tio HTEPPEA 05 A0 W 2 ) ) R, L He i A
i AN B SR i 55 5 J5 5 D) T M7 80 T e
W2 B2 Dl R A, T T A o AT LA SR, DA
TAE—E R F iR 1 S 8 £ e ]

73— R A7 IR W & B AR DL IC ( matching of
templates , MoT) , H A% Lo R 152 AH Bl ) 0 1k B AT
LRI o SCHR (43 - 44 T 51 A T WA
H PEAL ( matching of object templates, MOOT) , H[13f
PRI A 2 Al i, ZEREHR P b - R R AR R
NG, I e SO ARIBCZ 2 e 5 21 H AR
PRAspR R o AGE FF C AR S X Ll 25
PRI, SCER [ 21, 45 -49 ] 5| A T IR IR
M VCEE ( matching of shape templates, MOST) , %
J5 B W A o3 i R il T LT IR T I e
SCHTI, SEBE T H AR 04 Jy IR 5 36 0 Y IC i
DL AMIBCR IS A BOTH . XM I5iE—E R b
P TR RN A ) N RE T, (B REATIAR 2
PRl LAY 18] T8 1) 26 IR BB ), Mk LAAL BRI LA 45
PR 2 WA o 53R 5 T TR X 557 2
“HFNVCEC” 9 7 AN, Ju S R T — gk
T SO I AT AGAE DR . 3% 07 AN PR ASE

AN RB T AR PR, T2 45 5 A0 o0 FE Tl
RRRLZ I8 SC— B4R X, 7AW ) 1k 22 1]
ST TAL RS A BRAE WSS, AT A5 A% 552 BRI 24 ) )
PR SGEAEZ AL, SEE R B %07 AR 5 2504
BT 55 v 2 B L AR ) - 1

UTAEAR, Ry T R TR ASE AT 2 2 Xof R 7S OB
(AT, 702 >J (meta-learning ) " FI /DB A 22 5]
(few-shot learning) ™'~/ Bt Jy it (¥ WF s B A 30
T TE AR B 2 B s b PN 2R o0 SR g, Bl gs A fig
i~ 2] ) 54T 55 Jo 5 13 FH AR AE R 7 , AT G
BB R R BORTAT: 55, B R AIR T A
PR AR A
3.2 ETERSIFEMAEMETER

LT A S A 0 [ B R TR i
RN “Ageide A= i AR o s PEAG Ak 57 1 5 1)
R A IR B A SR e R R A 1
SRR A (] vp Az 7 — 2H P e W TR B, B s
I FH 3R o 3¢ 6 fie i AT DY 03 5 0 o, e ¢
AU o XA ARG T 52D R
fR 27 I MERE I 15 R 48 B AT S0 O R AL S R
PERSE AT etk . SR, '© TE 1 RE R 47 1 i
5 T ™ B T S A A ITUBCR A 4

AR 2 A0 0 7 e e A 80 B, 4[] 1)
BEALRAE AL A T e 2 U™ HAR RN .
R iR — [ R, AH B9 38 6 TUBUR N R Sy
KT G AL 8 B PR R AT 55, 455
JUffJ 2 AR sl 2 2] 3] 1) S B N R 2 SR -
2% 8], AT BRI I | SR
BEXS 2D R A, SR FE A il H T T A U T
[ AR IE 2 7s BB Bt . F2 00 I s 1 A 2T AL
il R RE £ 3500 A i B ER AT R
(affordance ) % i %~ 41y S5 36 ME 5 43 A, AT
IR AEY IR R B G DX, IR R
N BE J1, 2D SR ORE W BBk GF F) 3D #
[ 2% %0200 e i i % 3 R TR B A TR
VLA Sy S B AT T 1% 3D 5 =k
A SR 22 T AR O B ad A 1 6-DoF 4
BUALSE o AT AR R BT A 1Y) 6-DoF HIVIU A 2 , AH
S FTR IR R WA R0 O s U
1:1927% (cross entropy method , CEM) | 3 33 241
i 7 B AR R AL 3 A, BB S )
PRI R AT 253

e S VA B B, FI s I AT 55 Al i — 1>
ERERIPEST BB, DA SRR i 1 £ v 0 12K H
B fr s IR S5 O R



. 344 - ES A sl N 2 1

548 &

e L ( support vector machine, SVM ) 5§ #if
AR G5 G N TR LT ARRAE AT 4326 T
BUAR Ty 12 0] 4 T A% 1) DA UR BE A BRI 4%
( convolutional neural network , CNN) 4% .0> 1] 5
Z0He BB B S SR B Hh SR IR B RRIE .
T INGRERG B R A% T i ) 2R BE JC R
T, U0, Dex-Net 21 TAE % 3 1o 4y L4y
FLG L A T BOE T ) A AT SOkt
N (R EARPERR S, Al R M B8 T 1 TR 85 ) 28 1 I 52
THE S e T 0T M RIS A S P I 2 AR RE T . Ut
Hh BEE TR S i & e, SCER (19 =20, 22, 57 ]
P A A AR sl s g | AF g et
A5 BT AR 6% L A FE T AESSH LY 3D A5
3B, AT A A A £ R 3 T LART 4R A1 5 91U
FEtEZ BRI ARG &R o
3.3 ETwmImMEETIUER

BTN A A s 3 i OB =X 2 R 2 i
Pls N2E U E o oy m o HoAZ O AR
SHESRI DR 5 AT AR e B TS — i
2o R b S 2ok v 3 ) R B T N A
BIE G WL B (4 RGB R I B [ 5 3D #
=) B AR ATIBCIE B Y B I OC R . 7R X Fh 224
AL PIURAL 28R A 5 o i PEAG 7E 9 1Y BT A 56
b R AP TR P AR AR AT I 2R S B0 kAR
SR HEA T 42 R 35 N R, AT R T B
A S AL B B B i 3 9 10 2 RE %
S T3 A7 A R AR RS A A v A B S, HLAE
HEFRRI B 3% I T PR Y 3 47 3 g S e N g
Ho FERARSZI L, i 3 i OB ) F 2445 =
FRERMEIE R

ROk LI MGG BAE A 5 % B AR
AL g SRR R ATBCR g — FoRR IR 1 H A 3 A A
U0 2 B4 81 A — AETUBCR AR08 MCB AR . X
BRETT =72 15 AR 2 A5 FEUR 28 I 28 o AT A 18 SR
FES BT PG AR R T8 — BRI rh, 2 T} 1 R
REE, SR, 5L GG AT: 55 AN [6], HICBCR I % 4
AR JRy P T LART AR AL B e 2% U Il W B URR . Sy fige ok
Btk AFIEEBIA T A FAHE " a8 A
LT 70 D R S A T DSBS Y
PrgAtiit, I At By 2R, RE A% S AT et
PRSI a4

FRINE 3D BN ET
28 IR 1) J2 AR AL, B 42 (8] B34 SR A A
(1) SE (3 ) YA 2 e HBAG EA r . BT, 7
] FIRAT T ZIRR T 2R MG 28H0 , B 454

IR 2 2 Transformer'™ ' 4 g 20 B 47 15
W ARGy g A S U-Net'™ 45 o,
ASGrasp'®! 6-DOF GraspNet"*"' Fl ZeroGrasp ™' =
P70 A i AR BN 4 (a) ~ (e) BiF
R o W) B BT HE R T 28 B8] A
SE (3 ) JREUHHE K 22 B BORS 40 4k i g5 =
ITIEAEAE B2 TL Y S R B TEAS 2 1 R o
SR AT SRS TR R E PRAT g A, A O T
SARAE AR A b 2 A S TR AE , {6 199 2% RiE
o Y JFIE AN ) 28 Y B e TR R, AT 3 5 1 55
VA FATE 7 BeAh, AT X B ST R LAY
W7 S MR e, SBR[ 97 - 98 ] S5 id i 51 A
S AN A R MR ORI AR T — 2k,
NI/ =R T2 Wb )8

ELINES

RgB'é]gZ A AL :
RGB-DEZ L AFIHL BEIDEE
(a) ASGrasp Jyikt™

(a) ASGrasp method"®’

6-DOFHUEAS

AT
PR YR S 1R

B BT HT

HIARGBE R T AR Zh

(b) 6-DoF GraspNet Iyt
(b) 6-DoF GraspNet method™®"’

HEHI
TR AL

i NS IR R

i \RGBIE &

(¢) ZeroGrasp J5 3™
(¢) ZeroGrasp method™’
K 4 ASGrasp .6-DOF GraspNet Fl ZeroGrasp
=R R S ORI
Fig.4  Visualizations of input and output for three methods

ASGrasp, 6-DOF GraspNet, and ZeroGrasp
5 = 2RONE R BAE SO B a K TR Ry
AR PATHRE G B A, i B i AR 42 T 5
— MR AU AR . 1% 7 1538 H R H Encoder-Decoder
AR (0 U-Net ™) 2 Ul 162k ], AR 45
PRI B, 3 RERAE 42 Ry N i 2 . — 3L
AP A 47 1 e s 1%, S il Jy 38 S 4



3 ]

ARTEEJE , 25 L A TLART S B 203 SCHE R - AL g A HTUBURR 1 5 J P 345

DIREYN % - S ] Wi (VA3 S 1 e ) B
AR (4 B 8000 A U0 ) Ok Bl A2 B BEOIR
5500 IO L R RO BT 7 A I
Y b S RERY A AR,

ST 1T R oy R = 1
711711 (signed distance field, SDF) | #t £ %5 4
%% ") (neural radiance field, NeRF) L &% 3D 1
Bk " (3D Gaussian splatting, 3DGS ) 2557
2% 3D FRAETE AR o X 2877 0 5 e =
B A AR S I 2 U S AR 1 R, BE
SR LI hR 2 B B i) JLATRRAE , I A7 280
WIS RS AR AL, O TR S 4 s oy
215 B S

4 ETIEXERSHEEEENRATER

M2 K15 5 A5 (large language model, LLM)
S — 18 S R e R R s AHTUBCEAR IE
22 I3 NERZ R TL AT 3 0 [ 1 SCHIK Bl 1) S =
g, X, BVE S Al TR, AR R T4
PR EVER TR T2 B 7RSI LA A P B 5
MIRIZHR . B ZR LA AR 5 A 3k 1)
ICMRIIZ AL RE ST IR T B A 2T S B R 5 2
WA, BS oR 1 ECE 9K 3h i SR =R
T SR S HE PG 5 Y T A TR Y 28 57

3 :>[ WS/ 2 e ]|:>

(a) ZilsthiA

(a) Vision-only input

2

(b) ZEASRA
(b) Multimodal fusion

@ = (D

@Q

(¢) FEMEG] T
(¢) Hierarchical planning-guided paradigm

(d) i3 o LAl TR
(d) End-to-end foundation models

KIS A sE R K sl i EORFE URE R S
L ) S 2R A X
Fig.5 Comparison between visual data-driven perception
paradigm and perception paradigms enhanced by

. . .15
semantic understanding and reasoning'

4.1 ETHZESHMEER

BT 2SR A R R R E T - if
H A T Y H bR E 75 IR 3 e, H H
PRETHSL IR A SRR F 1825 BARY Bl 5 h
PRSI Z [A] S o 28 o HAZ O REVAE 2 d Ao il
B AR E B AL SE B RE ), (AL 4% A BE
file A N2ERY 248 2 SRR R, R A s
55 1H L —BURPUIBCRNS . 5 1% GRS e B
JUT A5 B AHIBOT AN TH] 8 5 SR S ITURTE D 3R
R GIAT B E LA 5T 5515, il
“YIBOE T B T ERR LA MR 50 Ry 48 K
PR " 5952 . XREFHE RN HARE
BIR PR U 1 AR R, IR B g Y 1 AT
PR AR 2L B T A ) 5 B4R A, AT
S A 55 RS AR B E 1T 2k

P WFFEE 7R RS F R o I HESE i
FAR TR & 48 2 g 5 9 i S A, I 5 W58 5k
(4 RGB/RGB-D EHR 8 mi 2= ) #EAT XS 57, MTTI 7E
LR S (] P 5 B H RS20 ) o7 -5 TR i
MR — R R 8 5 g e i = Pl
i, B TUAETE 5 R T RE T SEF MK H
b DI, I HE— 25 2R AT R AR IR A TR AL
gl S 1 R PG A RO i,
P TR - D™ R AR 2 HTUBCR 7Y ) ik
Lo S ol I SO S WS
3DAPNet ") I Vision-Language-Grasping' "’ H.{&
AIMEIR I 7351 A1l 6 (a) FIE 6 (b) FIrzn o 7EIX P
KB WX SE SR B, O T i — 2 iR
Transformer A4 7E AL FH T 51 B H 00 1 1) 3
FUIF R S5 BRSO ST, Nauyen 55104 B 2%
PESZ 2% P RS 25 (BB 5 | AT 35 3RSl i TS
Hih o ZHESRTE I AR HE T T R 28 9 2 B B[]
HTEASCARRE, 523 T 085518 SCROTRIEE XS 5%,



. 346 - EE iR S T N e o

548 &

T SRS o 3 47l 412 A 0 A ) 40 A J3E g 8 T

P
&z SRR

— 3DAPNet

[ NG | M ne
o

o]
TrEAER e AL il

(a) 3DAPNet Jjyp:i
(a) 3DAPNet method "

DI
al Ktk ARBTG5

-
2 R
- ’ =
LR

RGB-DEI& YRR B A ik

Mk A PRI

(b) Vision-Language-Grasping J7 &'’
(b) Vision-Language-Grasping method!""’
K6 3DAPNet fiI Vision-Language-Grasping
BRI I R
Fig.6 Overview of 3DAPNet and Vision-Language-Grasping

AL, BEE R — 15 5 A A P &
J& 18 KSR Ty 13328 J /i 1 LA A A Bl
559 WBHSRAE T Iz AL RE T, BB 7E R L3 i 44
ol SAg S H A A BRI T . X—K
Jeg A R T LR AAE T SRR rh
F#AERE
4.2 EFHENXSISHMEGER

TEIE SCHR B AT 98 b, oy — R 2y Jy
] T3 E AR 5 | 5 UG =, e 3 28
SRR 55 i H N IR 2 M B VR A 1 v J2 18
SRR AR B, BRI S, R E eI
A 1 BCATUBURSE R TR F 2 (8] v A B R AR )
B BE IR AL 22, B s R )2 R0 4%, 4n LLM 5%
515 5 #5 AU (vision language model, VLM) % 1%
S fie 1k f3 AT L HEPEGPE A3, TR CRIE 4
AT S ) [RT s, K A DT ICAT: 55 1) e 200 ST K

2B TAEH — LIk T X — A
2Pk Lu 25 @ VIM R4 B AR Y 10 1
7, T 51 A B LR OB TR 25, %
JTIE AR AN 7 FT /R 5 Triafas 255 00 A1) i 9
T VLM BiE S , TEYIIR K A P 1) B A R B
IS BURA A AR s Shi &5 R T — R LSETE

IR SR S AU EAE SR, i i 32 3
SIS AN E B R, SEBL T HARSE 42 Bl
PR OO T BT, BRILZ A1, FE AN
SGHERLRE F1 05 Jin S DA T -
A, RERT T RGN PR 1
VESB R FRAH s Jiao 2620 M P A AT H BB 20
T 5 452, 5T D 5 P T W AR T S B
AL SEAR R, B VLM X8 247 ) 56 R A9 4
HREST , WITTAEATAE 22 A [R) R ) 1A O 558 37 5 vh
RIS E AR BTN ; 3 k4 4
7RSS R Y 2 A RS HE SR %7 i
BB A TR T AR RTE 5 - G R
7 RS N BEAE MR8 17 57 S 2% B Bl 25 0 i AT 55
B 5 Tang 45 IE 1T 1) 145 (O DTUBURERE A < SR AR
I FAERAE—L 2 PPAl ™ =B BL, B B A
A LM A i H BRI R 5 LA , Bl 8
id Transformer ZE4 XS JULAR e BEAT PP 500 384T
PSS 2R 22 MRS R Y A T R S SR A ) A 1R
APTE B 2 > LA g ot 0 T R 5
BT 55 (9 PO ATV B 3 2 5 0 ) I, 3
T AT IRl Y 7 T AR T S L IE R 2R Al
NGB B A b, (LA A B A AT 5 AR
IR AT Bk i S

MR ER 6 B H BEHUR AL 28

R TR A 6 T
- 9 7/ ‘
AN \j ik
a
ik

" VL-Grasp
we B ‘\ 57
b \- -

K7 VL-Grasp Jiikfogik""
Fig.7  Overview of VL-Grasp''”!

SR, IR HE T3 )= IR 5 | 5 9 07 2 L T i
WEMPRE: — T, ZHMENE RS H 58
2%, RSN T35S WAF T4 s 5 — 5 T, %310
AR & A5 B AL B S SR AR 22 (] L, &
GE Y e 21 B 1 2 52 BRI 2 A8 A i Ay e e o7
i,

4.3 ETimBimp)EaEie

R R (foundation models) (1) 24 A2 2 fi AL
i ANHTUBD (57 Z2 38000 [ B4 A= B Y0 203 3
ANTR) T A0 B T S HUBC 28 0 H i B Pt T
Pl 7 % iZIE B T R — R
il ey, e g T N 2RSS A (el

. OCHHEIM
AL 2




3 ]

ARTEEJE , 25 L A TLART S B 203 SCHE R - AL g A HTUBURR 1 5 J £ 347 -

W AEORES) BRI S E B0% 245 7 51
AR SFT o Bt TR AU 30 5 T AR 5 AT 55 K
Fa NG, B BRIz AL RE ) AT RS fiE
AR RS TEA [ W) AR 55 79 AN
Plas T8 Z R SE B FEA B DREA T .

Deng %™ 21 T — MEIC M A 1 3h 1R
B WM - 185 - ShVE U R AL,
BT E AR T 10 AC RS A TR
a2 SynGrasp-1B, 3 o 5| A 5 O ) L0 5 O
2B BRVE Y MR B HL AL BOA , 523 T 2
TCAEIIR S S IR PR B AR TR B A o . TER ALY
FJE AT, 12070 HAR ARSI 5 HTCBCA, 28 350300 4 S
Hha] HEREPASE , TR RS S Y S A A it
P, S A28 T A BB AR P 51 1Y i 3) 0 58—
e, Zhang 25T G PEHLS AT L S 4 4
(visual chain-of-thought ) AL , 18 1 — Fh 1 [0
B R B 2 T TR
WIZBREE T o 72 MG HEH IR Se i
H BR T GRARDRLE 31 S AE LS IR 28 5 7 s B
ARG F AR KT S ST S5Ok, 517
BEANTE 2R — [m] 5 v 2R A5 T 50 ok A 1 LS R ALE
DT A= ol A 11 e AU 245

JRUAE H i ity 21 ity 114 e b AR 78 Y R A3 A L
G B A TRCE SR BE AT 2 AR O £
R B LR B 38 FH P € A 8 1 i TP A
BRER BT,

5 AFEIREMEMNISER

LS B T gk M JLART 1) 20 A D2k, 210 H RIS
FET IR ORISR HE B 9 A9 5 3% , PTURRE A 1) 38
T AR TR BE AR T o A B3l B 1 UAEA K
BRSO IRE S 2 M 25 5 it 12 > R
s RER B SO T AR5 S A R, PR e
PRI TR Sk I A R A R
MEWEZ o AT B FEX LA AU SR )+
RS PEAT Z2HE L (9 73 A B, J X0 ok A 55 m]
FEPE AN OB B AE P9 A AL PR A R R AT
B, LU %5 1 BT 4R (I R LS B HESE
5.1 RFHIEE

PR 5 10 8 P R A B T A g S 3 &
A MR — RS B SRS TR SRS . R 1
Xt HRTHLE AU TS A B R PR 2 TH R
FEHEATHS E, WIS s S TGRS TE LA
R AR S5 4 B2 AT IR N AR & e BE
G 2 B R A 7 3l SRR £ 1)
K JEXN I3 M AN R I BB

F 1 BB NMEERERT L

Tab.1 Comparision of representative robotic grasping datasets
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Tab.2  Evolution of robotic grasping perception paradigms; from geometric constraints to semantic reasoning
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