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VLM-based Object-centric 6DoF 3D Visual Grounding
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Abstract: 3D Visual Grounding aims to localize target objects in 3D scenes from natural language
descriptions. Existing methods mainly provide object location information and do not explicitly
capture object orientation, limiting their applicability to robotics. To address this limitation, we
propose a VLM-based object-centric 6DoF 3D Visual Grounding framework that generates object-
centric 6DoF poses from RGB multi-view images and text prompts. The framework reconstructs a
3D scene and camera viewpoints, extracts an object point cloud through mask-based multi-view
projection with erosion and voting, and defines an object-centric coordinate frame by combining
OBB-based geometric cues with semantic direction inference from a VLM enhanced via Egocentric
Instruction Tuning. Experiments on seven objects show that the proposed method generates reliable
object-centric 6DoF poses for objects with clear semantic directions.
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[Fig. 1] Example of natural language-based robotic manipulation.
Existing 3DVG methods, which lack object pose information, fail
to execute the command. In contrast, our method provides object
6DoF poses that embed semantic directions of the object
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[Table 1] Comparison of existing and proposed 3DVG methods
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Learning

Proposed

Multi-view

3D scene + text .
1mages + text
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Text Fixed
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Open vocabulary | Open vocabulary
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[Fig. 2] Overall pipeline of the proposed method. From an object text prompt and multi-view images, the method reconstructs the 3D
scene and viewpoints, extracts the object point cloud through mask-based projection and multi-view voting, and finally generates an
object-centric 6DoF pose by combining VLM-based semantic direction inference with geometric shape information

A7V A1 Tl 71k A W A HlolE A 7]ute
2 VLM A7) 4 F8 S8 ARt 47154 B
of AFES zx@u} ol BT 2 8 don

4 7o SgHr.

“J_E 3 l-c %“401]*1 7”1114 Hil
HRE 25H= 6DoF EZ
o A 2 d =29 8=

EQ} 4“] gol

7] o}olx-l A2 190 Ej

[Fig. 2]°f Lteg)l o, A

« VLM 7|5t 283154 6DoF 434
ESDEEEE ERERE

o5 Al om|RIE 7IREe & 33he] At 7t Al
A7A517] 91510] COLMAP>MS 28519t} SIM (Structure-
from-Motion)ol| A TF5- A|H o]u]Z] 4] EAHE &0
34 A= Bl 7H| 2} ] e & 43t o[ B e
B 2737 ZRIE S5 ARt o] F MVS (Multi-
View Stereo)ol| 4] B} 23 f-34-E Alilsto] 142

EQIE FTPEE Adict. #744€ et sheto et A
T 3R AL 3.2.2004 33 A S FE3P] S &
S5 3L, ZhlE A2 3.3 804 2 AT Al s st
ojm|z|of A VLMo| FZet Ao} o2 At AlH-8F
A3he A ehs o S s

= 0 L

32 A ZRIE SS9 E 5
3.2.1 4| u}A 3 o]u]x] A4

Grounded-SAM2?Y= Grounding DINO™®'Z 74} 0]3] 7]
vt AR HE7| 2 AREstaL, A Al 21 E| o)A EE ]l SAM2
(Segment Anything Model 2)*°'9} A 9}gt HE] e mpo] melQ]
o]tt}. Grounded-SAM2E AR&-5to] ZiA|of] T gt mpA S o]m] %]
E AT B vtAI = AA BA 9 O o] £
AlG oA, @27h S 4= itk wiAST} EsHA A
A3 - oll= AA| QR EZ a3t G o] =3t of AA|
7} ohd ZRIEZ} §HA 54 & it W =, upA A7 Ay
A ZA B E 7ol = AA Y A7 ZRAETL EAE0 &
A AH| EQIE Ze+oEr FAHL £ Q8 BT A4

Q1419] e e A5HAIZ 2 Lo, B8] vl A EIIE} &

L AL T4 AEA 3T BN SRR GG PR E
U 4 glo] B A Holek. mhehA] vhA ofu] o] 4]

t
(erosion) FAMTHS: A 85lo] nfAT AAS HSFOoZ =4
31} o] 2] 3t AALS E5f | MK HOIE 7} Hote]i 93]S
Aol X A ZQIE £Alo] vhAslE Bl A X HEA|
A S T 2 IAolA Y S HAT.

> %



336 =35 =54 A1 A3E (2026.9)

Object PCD

Projection

In-mask PCD

[Fig. 3] Object point cloud extraction by projecting the
reconstructed 3D scene onto multi-view object masks
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[Fig. 4] Comparison of semantic direction understanding
between the base VLM and the fine-tuned VLM

32295 Ad 59 76 A ZAE S 2
3.2.1004 /35 AA| vpAF o]w| R} 3 104 A% 3
A S E-8oto] 32+ AA|E 23Tt 3.1004 A5
ﬂﬂﬂﬂ} 2|8 & o]-&sto] ZRIE X, & 72t Al jofl 5
= WkAT oJu] Aol £ttt v, € {0,1}& EQIE X,
7} Fhe|et A1 o] AA| mpAT 141—r°ﬂ FE=AE UEH
£ Hgo|d, mpAT Y Rol = 1, 1A Yo 00&
ozttt olwf, AE)g = AA| ZRIE ZEE FE5F
7] §J5te, &40 A ollA A ZRIER Hehd ZRIEESS
A A= TG 718t 5 A TR % E*—Xﬂ"POPE} FRIETL
ARK0.5) o]/d2] mtAF oju|R| oA FFH Lol XF A
A LI EZ whEgi}, 1l gkl o) e

X, € Py Ew =05 (1)

l_]i

st

eV
o <,
w A,
. >~ < o leli)
Back 6 @' SO S,
Vector N Cr
’ " AN
o AR ...t »> N
II o Left Vector ‘\
1 o .
r<| . ‘\‘qe"“ " Front >"
\\ @%“' Vector ,’

Y

U o s
A
wro?

[Fig. 5] Visualization of the view-direction sets and vectors
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[Fig. 6] Generation of an object-centric coordinate frame by
aligning the OBB axes with the view—-direction vectors

[Algorithm 1] View-direction vector generation

Input: multi-view images 7, camera poses C'
Output: view—direction vectors 17
for each image 7, do
d; < infer semantic direction using VLM
assign d; to camera pose C!
end for
G« construct view-direction sets from {(C, d;)}
for each viewpoint € do
if C is closer to another view—direction set center then
d; < direction label of the nearest set
end if
end for
V < generate view-direction vectors from G
return V'

[Algorithm 2] Object-centric 6DoF pose generation

Input: object point cloud Z,,;, view-direction vectors V'
Output: object-centric 6DoF pose 7,

B« extract OBB axis vectors from 7,

A < align V' with Busing cosine similarity

Lo

return 7,

< construct object-centric 6DoF pose from A
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[Fig. 7] Comparison of object point clouds under the proposed
method. (a) shows the result with erosion operation and voting
strategy applied, whereas (b) shows the result without them
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[Table 2] Object orientation prediction accuracy on
EgoOrientBench (ImageNet, 1, DomainNet, PACS, and
OmniObject3D) using the Smol VLM-Instruct(2.2B) backbone

Method | IN D, | DN | PA | 3D | Avg
Base | 148 | 21.1 | 208 | 160 | 139 | 16.0

Fine-
tuned

64.7 375 7.7 69.8 42.4 56.3

[Table 3] Average semantic direction inference accuracy of the
base and fine-tuned VLMs on the experimental objects,
excluding Type 3 objects with ambiguous direction

Method Semantic Direction Inference Acc. (%)
Base 22.78
Fine-tuned 75.56

() (b)
[Fig. 8] Visual comparison of the view-direction vectors
generated from the semantic direction predictions of the base
VLM (a) and fine-tuned VLM (b)
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[Fig. 9] Visual comparison of the ground-truth coordinate frame, OBB axes, view-direction vectors, and the final object-centric
coordinate frame generated by the proposed method for each object
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[Table 4] Rotation error (e,,,) and translation error (e,,,,,) for each object type. Type 1 and Type 2 show relatively consistent
performance, whereas Type 3 exhibits a large rotation error due to the ambiguity of object orientation. The last column reports the

average results excluding Type 3

Type 1 Type 2 Type 3 Avg.
Bus Car Man Mustard Elephant Helicopter basketball wlo Type 3
€0t (deg) 12.31 3.37 7.86 7.02 12.46 21.39 169.72 10.73
€irans | (MmM) 17.88 9.51 8.37 15.66 16.94 14.72 14.18 13.84
52 2 FAUFHS THL 5 P AZH DAL BET A A
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