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Abstract

The rapid development of Multimodal Large Language Models (MLLMs) has established spatial in-
telligence as a key enabler for Al to interact with the physical world, connecting perception with rea-
soning and action. This paper systematically reviews the technical progress of multimodal models in
3D understanding, spatial reasoning, and embodied interaction. We analyze representation learning
methods based on diverse data like video, depth maps, and point clouds, and summarize key bench-
marks and applications. Critical challenges in cross-view consistency, compositional reasoning, and
dynamic scene understanding are discussed, followed by an outlook on future research to provide a
foundation and reference for the development of spatial intelligence systems.
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1. 5l

NN =Lt T B A TSN, S SO S A0 & 04 &y Je B 5 5 IR B
IZRE WA XFRE OB A AR « INEGAE, FROV “ SRR, 48 MASE R 0 24T 2% [A) 4
Wr. 500 EERAR S SRR ORI BRe . RN TR REAU, 7 (AR REAdE — 20 ¥ I N R RB AR AE =43
B, I E FATAIMEE T, REEEEA . AR IR S AT = RO IR .

LG5 18 5 1T (Vision-Language Models, VLMs) BTE G iR . HIREAEE 2D 4155 LRI i,
{RAEACBRVR L . JEHY . WA 4555 3D S [BE B AAAE R SR PR 1] HARAJRNAE T . Fii MLLMs %5
T CLIP yuslfEEME - SRS EFRIER, SZ X0 JUR 50 5 78 TR a4 i i R s (2] X — i)™ = £
THAENEIENERAE . BB BRI R SR s P RS A . (AT R, X PRI
e, EAE T RN 2 MR, B ) A BRI = kSR, BTN Marr (1) 2.5D
LR [3]F1 SLAM (Simultaneous Localization and Mapping) i R[4 /T it. MLLMs FIALIETE T,
RE75 ) FH LB K R SCHR MR AN A BB T 2R TR S50 5 RMURAE 5 SN iFAHRE &

Nk, S FUEAERE S “ WA MLLMs HIERZEIE R RIT RAMIRE, B 7 =K% E
Z: (1) wMREH, ANEE S ANRER Az BAINLS5SE 2.5D/3D el T HR R A &R () 2
IZ RS, MAMREZ BEFIIE SRR ) WS eWik R, Wit 1R R
FERAE 23 (A SR Fa B . A S Lk T, S6 st U R T 4518 .

2. FHERRBRIEONE : NREGH BRI

AP AR BRI IR R, SRR AN RE IR . ITEEk, 2[R BRI VPG 7R &
21 7 WNEABAL A AR S5 RIS 2Rk . DB [ i A5 PR v 5 PRI B S HE B L AT SCIE A ) J L] — Bk
M=HKE, RGVEHEFE 1 280 MLLMs 7677 [HA R ERARA R IR .

2.1. MGt B : ST TR R
FLHA 2 () 4k PR 2L 7 40 SpatialBench [515R AT A G R 2R A S BNE (W “leftof” « “ontop

ik
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of 7 ), = FLSLH LA S R SR . SR IX AR S TR AT R, AR E G A s
IREEH 2 ACRE T, OB A RO I R0 IR T R SRR “ 21 EAM 7 BLEARA)
1E%, MEHERIERJ LA, MIRAGE [6]H XK RS 5 NIRRT, s AP IPPlisa 5,
A LURYERE: (1) R WREEH 0 Bs 2R (. “HBEEMMF FEBE” ) ) R 24
SMIARAL H R IEA7 I “EIALEM T, HE=A): 3) AELAW: FRENHELHE. M. S
BAE5IMEREGN “EREELRNIESBROWE” ). SLIRIR T — DR . [T Eon TS
Qwen2.5VL-72B 7E3:AE ¢ RAT 55 R UERIRIL 56.62%, (HEA AR HIEEE 36.94%. iR mtiit—»5
F], AR TN SR AT R (WS BT BB R I, BRI AR ) SRR AL, X150 B L ) )
o A I SR B R SR, TR B L B S (B R R R AE o X — R IR T AL B
X IR vs BEART RS, R AR KRIREIAE ToE B S AR TR S5 A R B RE T s A ZE A
OB THITEAEHLE], 5] AR % 2] 2 1) 725 (8] 5 P E R

22. EMAREESKENCIZAERE: NEESIS BRI

A BRI B IR R AR, 1AM ERA R AR 2 A M SR R . AT, 4%
% VLMs 175 L EUE A ERA RN T, FEOUE RS G 5 hRE ) 22 A & . MMSI-Bench
[T AL T35 2 B 1543 18] & B (Multi-Image Spatial Intelligence) 35 #E . ZHEvERL A 1000 & N T#it
M2, EORBAAE 1990 5K BRI & kT ZBkHERE, . “B 3 PR FHFR G5’ 7
PR TETR-EFXR? ESHEE 1 REAIRAE S IMRSEE. 7 RS AE I AR 1R )
AE 7, B SRR A 8T 5 PG SR G 55 (cross-image entity alignment) 54 35— Stk AW . S2I6 45 R
NRAEMIEE EVERRIE 97%, 10 4T SR VR B AT 30% . 3 — 20 i N THEBEE bRy 467 DU R ML A
v WET TR (1) AR OB R Skl AR BRI (2) TLACRMG: AReR A
PADCHT W F — RGBSR 3) THERGE: WM B MR T B EEAN A 5 (4) TEZHE
VR A B E R NE YA AT WRIAAAAE) . X EEHREG B4R 1T MLLMs FUMRARI B sh=
2 EHAIZALR S B AS . M2 T, ARSEIHWE “COBEHME” FEREER, B
fFRTE BRI B,

Grounding Error

Model Output: D

4 In image 1, a ladder is
B visible to the left...

Thus, the direction of

movement is back left

Q : What is your movement direction relative
to the facing direction in image 1?

A: Backward B: Back right

C: Left D: Back left

Wrong: In image 1,
you are on the left
side of the ladder.

Model Output: D
The artwork is on the
right side of the TV ...

Situation-Transformation Reasoning Error
-~ Thus, the bedroom is
" at the back right

i
-
relative to the TV.

Q: If the TVs front faces the viewer, where is

the bedroom located relative to the TV? Wrong: The artwork
A: Front left  B: Back left is to the left of the
C: Front right D: Back right television.

Overlap-Matching and Scene-Reconstruction Error

- 1 Model Output: C
: ',,'.; ‘r T ~ J In image 2, the viewer
| : i has turned away from
the shelf. The shelf is
I behind the viewer and

to the right ...
Q: The images are taken continuously. In
image 2, where is the shelf relative to you? ~— Wrong: In figure 2,
A:backleft  B: front right the shelf is in front of
C: back right D: front left you to the right

Spatial-Logic Error

mm

Q: With the camera facing front, in which
direction is the camera moving ?
A: Left B: Forward

Model Output: B

The white car is closer
to the camera, which
means the camera is
moving forward.

Wrong: A moving
object shouldn’'t be

C: Backward D: Right

used as the reference.

Figure 1. Four error types in MLLM spatial reasoning identified in the MMSI-Bench dataset
[ 1. £ MMSI-Bench $#E5E L IH ZRSKIE S BE = BRI AR LB R EE
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3. RARBELGE:

TR 56—
BEJT o X TAR R 73 APIE:

Ml BE ML

FEVPAE IR R R, BB TSR R A2 U

LMs 28] £ sERIIRER

&N MLLMs 73\ %5 [R1EEn S5 e

— R SEXT RIS LT, A BAS PAIE R A RA K

3.1, BSIAREMR: ME/LMARSHEIR

301-1- i'R,E nlu\mﬂﬂAEgﬁﬂ
PGS S (VLMs) [8]-[10]

FEKREE RGB BB AME R ABERS, FELAELEEI KX/ AR

TR R, =R AG R BRSO I R I RZ IR o X SR T AR B RUR AR B A TR

DIFRAIEPR ], S TR AR B N 5 R L Ao 2l P 2 B A i 2

S[E)BHIRE 1o SpatialBot & {/CKHR

JEE PR NS S NJEIE 5N 2 RS KRR 2 . N o NN SR A VE B 22 5 S N R, (R

JEH— A =EiE

Low-Level

1 PolntDemh DeplhofaSlnglePolnt, r

1 Directly Retrieved from a Depth Map 1

: Q:\zvhat is the depth value of the point ‘

JA:The p‘nlnt (0.60, 0.58) corresponds to a (

| depth value of ..

1 Q—What |s lhe depth value of the point |
(031, 0.82)7

AThe pulnt (031, 0. sz) correspondstoa !

| depth value of ..

.......................

i | Q:What is the metric depth of the object:
v ROLEX clock?

1 A:The clock translates to a depth value of 4
\ 4909, with max depth 5051, min depth \
! 4300, and mean depth 4512.

1

1 Q: Hcyw!’ar|stheplch.lptr\x:klrom\hen:amela7 |
1 A:The pickup truck is 17802 mm away from
1 |hecamem \

_________________

Counting and Enumeration

@ How many orange bowls are there on 4
% thetable? £
4 AcThere are 3 orange bowls. i
3 Q: How many bowls that are upside-down !
% are there on the table? !
4 A: One.

uint8 i HHE . FET Ik, HIBAHIEE SpatialQA HdE&E, WE=GUES%, WKl 2 Fis:

Low-Level

l Depth Description and Analysis |
1 Q: Describe the depth map.

\ A: The depth map appears to depict an
outdoor scene with a ground plane that
extends into the distance. There are
structures or objects in the middle to upper |

_______________

parts of the image that are further away. |
ing upwards from the middle of the |mage |
' Q:Which is closer to the camera, the
V™ ROLEX clock, or the pickup truck?
) the pickup truck corresponds to a metric
| closer to the camera. \
( ! @which appears to be more distant, the | H
or the point (039, 0.74)? |
[
| demh 0f9312,and the point (035, 0.74) ..

- A vertical structure, can be seen extend-
L
* }
\ A: The dlock has a depth value of 4909, while !
g | depth of 17802, so the ROLEX clockis |
- I
orresponds to a ,
T

High-Level

'Spaﬁal Relationship Understanding :

gt

Which bowl is closest to the gripper? [
The orange bowl. H

!
If the red cup is to the right side of the }
m what is the spatial relationship }

n the purple cup and the gripper?
» A:The purple cup is to the left side of the ¢
N gripper, and closer to the camera. /

Figure 2. Spatial QA dataset task level
2. Spatial QA HUIBEEHRK S

DDD—I_ Decode m@

Answer

@ Large Language Model

A. table

.
| ‘{%& Connector

. Lo

&)
Spatial Encoder
3D Features

m

2D Features 3D Features 3D Features 3D Features
{Inference) (Inference) Language
D D D D D - Instructions L Times
Ny frames Ny frames :] :
Selected for Ny frames far Ny frames
@8
e A, table B, sofa
€. stoal D. chair
2D Encoder Spatial Encoder 9
Spatial
| Niframes . . N frames | . Video )
1 Inference : . “ ... 'I
ﬁ | ﬁ | ) 1EE B0 2
H ! 1 E i == -
= Training “--------- | ‘l...[ l-.' ln

Figure 3. Spatial-MLLM model architecture diagram
3. Spatial- MLLM #5 #4284 =]
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SRR, AEELSEHLEE AT S5, 5 NER BEOETE S D 3 52T 18.2% . MEfHER M2, % LIEIF
N7 B EAMGE R “RGB-D flia” 1 EAEAN KinectFusion [11], {HE VOB ML EREIES 5T
(I8 FHHERIAE S . J5fLlith, Spatial-MLLM [12REUE 2B 0 7SR AIANBIREE A, 2R H
TR SRR ) LA FEAbAR 2 A B H AT R kS B X 3D 450, BRI &, Zgmidasfi it per-pixel 192
) HE . M S AR, X J U RRAERE )5 5 CLIP-style i SURFAETE token &, XFh « L 2c 5
N7 RERA THREIER AN . MASMESATS i E s, HERR M 3 Fion.

3.1.2. EHNSHNIES URESTIEEK

TEB R P UTRAE LA b, Puffin [13]132H 73 S 2R R FAINLBAR SRR A B NI 5 e
ek HAZOEERE “HAMNEE” , REEMENAS IS5 AFRIE S token, HfAZF] prompt Bi4E
BUFFIH . A, BBYT]7ESE— Transformer 2244 N BCA SEIUARMLER A5 v 45842 B 28 RE 71« RSCHEZIG
i, MBI Puffin-4M HdE4E, €5 400 AR, SORHEAE, MISE)=Jcd, HBEWE 4 for.
SEOG AR R R, Puffin ZEMLMA —EUE(view consistency) 5 JUA[ & HE M B T ControlNet [14]. Stable
Diffusion [15]5 % F AR B A o 1% TAEE RSEILERMR 5 4 i) U4 — 8, O AR/VR WAEIE. H3)
25 {5 5 TR AL A 47 1 PR L FE T R B AT

FoV Variants Yaw Variants — - —

S
0
?

Pitch Variants

Standard View

2 EEEEE X

Figure 4. Overview of Puftfn-4M dataset
4. Puffn-4M B SR

3.2. B EEEE: FMAZmMSSINAFS

HARGRER T MARAR, M RESECE IR S ZEE B U2 Mg 2R, —
B ERA RIS 8 . I 0T 7 R SRR W] WAL 2 B5 7 91 4R HOF B S s i (5 . Yang 28N
(1611 X A GE1EAl MLLMs fEAUIIZE 23 [AIERE 1 A9 BE 77 FAEER VSI-Bench #i7 B O BIFAB AR
PRARFA. KIEEE S A B BT Bl IR R R E S5 . WHFEA L, DUA MLLMs [17] A8
BActZ R BOERNCTZ), (EAERS LM G 5K A At R gg . SEORBEE, (Raii B Yk
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HE(CoT) [18]3& /M 2 AT 55 JLF-TERL, 1 BESRAB Y 85 2 A RN a2 8 A TR ZE BRI 31%.0 X —
SRR, AR RS A R R R R, T ARAE S R T

NERGHARTH 2 WIFRARBE /T, Meta AT H! Multi-SpatiaMLLM [19]. HAZ L) MultiSPA $¥E 4
(2700 JIFEA), TRTEIREEN . MBI N . ShAS BN = KA YRS . AR I S e A = L), 7E
token AN FAS RIMRIE X5 TUFAIRFIE . V10 RR, HAE 12 B AME S ETF33e Tt 36%, Hg
DU B IR TG . ORI, XA AR NS N S 2 WO bR 25, AR InRE &
REE 1. A—RIF 2K H Video-3DLLM [20], FAEH “HAIRI 3D” (Video-as-3D)HIR /R %: #4 3D
G SN 25, HAEPI token RN = ZEABFRIFAL B b, g fr BN AURRAE . %882
NeRF [21]H1 DynamicNeRF [22]%5#H & E AR AR, HE XM HSIESHEMREME . & ERE
ScanQA. SQA3D FJEifE FiAE| SOTA, HiE | o7 W2 2=/ MR S ANt RESEI iR o 3D HERE A T AT 1%

4. ZATRERKRE

e X 2 AR A AR AE 4% ) B RE UK BOR BRAR 5 1PAl A R R GEHEE, AW TR 1%
B S EGE L G LT NP SRR RS R R OAF AR G, 20
LA IS T R R, HIGIRER] . BRI A R I — RS RGPk, X EPh IR
ISTAFAE, MRAREOREE, JRFEHRE 7R AR B RE R ST /5 SEBR K BT 17

4.1. HM4EHkk

LR T . BRSSP E R R AR LR Z) . EEE 2T, MAT R R KRB
RS A (BRSSO OR R B, A 5 A 1 e e B AR AL 1 5 R S A E A 2 I s m 2 (N N 5
FHNREL P ATANIE), a7 PR TR ATE B AR R 2 A RE 0o DRI, T v A s N R
o3 3 v A LA B (B Habitat [23], AI2-THOR [24))E G ZRALIIIZESE, Mov— ekt
. (ERR ARG 2T, SEIRLIK Transformer ZEA47E AR K 7 SIRARE R FIEAT R 2% (4L A 2= (B HE R, {731
e AR5 3 SR B U EE B o AR I 9 75 B 2R e B AU 2 [ DR R (B P N 48) « A 3O FF
KO 5 AN T I U B 4e e . AR, VPR a7 [R5k, Mt AT 1) AT 45 R P
HIASK RS L HIAE . RRIPPAE R R B — DRl S EE 5| 85 FIRME Yeb R (N Py Torch3D)-5 St 1 H
SUiE G, MRS RN PP IE SCOER T U — SR e A3« PIRA s B e TR &7 .

4.2. RFEMRAERE

FAxt ERPE AR 2R, ARRAIBT I AT F O BN LA R . R IR R G
AIRALZESIHEDE, SR ARG 2D MAEHRFE. 3D JUTeie . B F I ESER S, ASM T I ES
ARSI P (SR Rt A . L =R R R AIR 5 I H SR RE /), 5] SRR R ORI £ >, IR
NERE R IR R, IFRERSEAT R R ERET EHE, ATIFER A, BhASHI S SR P il
ME A, ELef kK. L=, APLPFE A EARE — MR 05 1A, AT ST AR A
B RSN R S R SR AR S HE R R B, ARSI R R AL B ) 72 ) o A e

&E 3k
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