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Human | RGB (@ + Depth B»)
Has the gripper touched the rag?

Human | RGB (i@ + Depth )
Has the gripper touched the rag?

GPT-40 x

Yes, the gripper has touched the rag.
The gripper is visibly in contact with
the rag in the image.

Human | RGB (@) + Depth B)

Can the robot close the gripper now
to pick up the rag?

SpatialBot V

The gripper’s depth value is 584,
and the rag’s is 875. Since 584 < 875,
it can be inferred that the gripper
has not touched the rag.

GPT-40 X

Yes, since the gripper is already in
contact with the rag, the robot can
proceed to close the gripper to pick
up the rag.

Human | RGB (@] + Depth B)

Can the robot close the gripper now

to pick up the rag?

SpatialBot

No, because the gripper has not
reached rag. The robot needs to lower

and stretch forward the gripper.
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| P0|nt Depth: Depth of a Single Point, l s
| Directly Retrieved from a DepthMap | g

| Q:What is the depth value of the point
| (0.60,0.58)?

) A: The point (0.60, 0.58) corresponds to a
| depth value of ..

| Q:What is the depth value of the point

Low-Level

| Depth Description and Analysis I

| 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.

(0.31,0.82)?
A:The point (0.31, 0.82) corresponds to a

|
I
|
|
I
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depth value of ... |
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Q: What is the metric depth of the object: (’
ROLEX clock? \
A:The clock translates to a depth value of
4909, with max depth 5051, min depth
4300, and mean depth 4512. 1

!

\

1

\

a

\ Q: How far is the pickup truck from the camera?
/ A: The pickup truck is 17802 mm away from
\  the camera.

Counting and Enumeration

T

!

!

»Q:How many orange bowls are there on
v thetable?

",A There are 3 orange bowls.

‘, Q: How many bowls that are upside-down
% are there on the table?

‘) A: One.

2. iy SpatialQA BiRfe @& VIM AR5 HARZE . 2 Fm 2 RO ) 2

A vertical structure, can be seen extend-
ing upwards from the middle of the image. |

\ Q:Which is closer to the camera, the

‘ ROLEX clock, or the pickup truck? '
\ ! A: The dock has a depth value of 4909, while !

) the pickup truck corresponds to a metric
| depth of 17802, so the ROLEX clock is |
\ closer to the camera. \
!

 Q:Which appears to be more distant, the !
or the point (0.39, 0.74)? |

1 A:The corresponds to a ,

\  depth 0f 9312, and the point (0.39,0.74) ..
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Q Which bowl is closest to the gripper?
+ A:The orange bowl. J

Q: If the red cup is to the right side of the ,"
gripper, what is the spatial relationship
between the purple cup and the gripper? 4

A:The purple cup is to the left side of the { {
gripper, and closer to the camera.
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SpatialBot

Low T

Point Depth

Q: Please provide the depth value
of <point>.
o

Skills

J

/Depth Description

Q: Describe the depth map.
Q: What‘s the depth distribution?

Q: What objects seem to be in the

@age, considering the depth maly

Middle

Proximity:

Q: Which is closer to the camera, <point1> or <point 2>?

Q: Between <object1> and <object2>, which one is nearer?
Q: Is <object1> in front of or behind <object2> ?

Q: How far is <object1> from <object2>?

Object Depth

Q: What’s the mean/min/max/center depth of <object>?
Q: What proportion of points in <object> are between
<depth1> and <depth2>?

Q: Which objects are between <depth1> and <depth2>?

High

Spatial Relationship

1.0bject Placement 2.Relative Position 3.Distance Measurement 4.0bject
Arrangement 5.Above and Below 6.Next to Each Other 7.Inside and Outside

8.Direction and Orientation 9.Top, Middle, Bottom 10.Hidden or Visible

11.Size Comparison 12.0verlapping Objects 13.Path and Navigation

Counting

1.Counting Objects 2.Counting and Categorizing
3.Counting Groups 4.Counting Items in a Scene
5.Counting Specific Details 6.Location-Based Counting
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FERVREE . A SO 7.5k SRIEMEIF N TARTESH:
HE, EEIPIIR IR BEAR s X300 4 [ 45 0] L afg ) e oy
THREMWIRE. 1A, ACH GPT-40 T RTX-7.5k
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The depth value of the woman on
the left is: Depth (@)
The depth value of the woman in

the middle is: Depth ()
The depth value of the woman on

. .| SpatialBot | -----

---------------------------- R

: 1 Depth (point) = depth_value_of_the_point .

@ |

[Returned values from API :a; I
* [l

Previous thoughts
of SpatialBot

the right is: Depth ().

Image Encoder & Projector

] [ Text Encoder ]

E @SpatialBot
1 (= Depth (@) = 1357

Depth (&) = 1300
Depth (&) = 1400

\

M

' @ The depth value of the woman on

the left is 1357. The depth value of Vo [ ] E
the woman in the middle is 1300. Vo B L RSl !
The depth value of the woman on !
the right is 1400. So the woman in .

the middle is the closest to the - . -

e . [ Instructions for API ﬁ?{ ] Output for Human ;

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

4. SpatialBot WHEH . ¥ A h—Xt RGB EIR SR A,
Jil Depth API,

e s BRIt b IE SRS T EEER KA,
BB R SR A b2 ) S RIHERE . SpatialQA-E It
2000 Z&HLE: (Episode). #idkeh 4 P IRAIN,
W6 5K 7

o FRAUPBSHEEIMN. R FEEWIE.

o WERFEVAL B E. BmSEa s Milas A
A (FIBL) iM% PSSR, LB, (-er)
Ffrgl (-est) ok xR A:

- fER: &/ 4/ BN, A B AR
W/ R/ SN

= R/ & K/ N SE) A2 RN

— B3 (Husion): AICHYRIAMIFITEH
K, FHEITEIPRRAESE L. FTEDPRAR R ORAR
H, BT E I R R PHT S
B, BIINEEERRE (STERRF1) Al
A -

o TERSBIPIIRIS, HLas N7 BT Ry -

3.6. SpatialBot 7r H. 5 (%45 T 7 H

SpatialBot 1t SpatialQA-E FilJa T HEE5 . i
FZ, ErRfFLMm RGB i RGB-D fi A5
H-gE (Vision-Language-Action, VLA) 7, Hlg¢
NBARAT 55 € SO0 AEMATSZ] ¢, 25 5E P S5 2
EIE M 2,y (RGB B RGB-D) , B R 2% 3] 5

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

W (i sb_g)e BIFE ae M m HORBEFFHENEIHLE A
o XEFA HORBHATE (End Effector) 9BLAS
N, BfEREWERARHR 7T BB (Degree of Freedom,
DoF) [ (AX,AY,AZ AR, AP,AY aw,C), 453
N XY Z W¥eEAsE . iEfk RPYa (IR¥:. M.
i) MR ek, PARICIITS C. shifEasa
B e G AR A g RS Sl 101 DATEREUE, M 0.
0.01 EHH| 1. BIAEEM S 7 3B ENER IR, —
ERfBIXTE: "User: What should the robot do to pick
up the biggest teacup and move it to the left cutting
board? Answer with robot parameters. - SpatialBot:
The robot should <0.17, 0.51, 0.44, 0.62, 0.83, 0.07,
1> fifl e 40 AR RS A Lgs N =SS, DA HIPLAS
NE—WiRE 8. ANRBEBAE R B B 42 M B HLAR
ANSEL, AR HRem R AL AAH ) B8, h s
R 2 AR5 %5, ASCHENLAR A IS i A D& H ARG
F 43, Bt The robot should’, #RJGTEMLAS A EHE 5
W A EE (40 SpatialQA-E il SpatialQA) F3k[r]
YIGRBLRY o AR SCLEBLBIAERLAF AT S5 F ARG token,
PABRAFAS LA 3 D0 37 b ) BB HERR BE o AR STl
Tg—Wiry g EA % (Delta Pose) MAEH bR 4. iX—
PERR I B/ E 25 (R A BN 4R B2 R 43>k 100 A4~IX TR (Bin)
AT SE IS B A BLas A FaE il AN, A SCR B R
W H PR MRS, R TS . AR



Robotics-RGBD oA
'y - L SNPRES robot doing?
GPT: The robot
isusinga
gripper to hold

Depth
Sensor
Data

B))

Q: Whatis in the image?

A: The image shows a small
propeller aircraft parked on
an airporttarmac. The
aircraft has a blue and white
color scheme with...

RGB
Camera MLLM-Referring

Data

Q: Please provide the
bounding box of object: a
catsitting on car

A: [bbox]

Q: What s [bbox]?

A: a cat sitting on car

CV—Segme ntatlo
Q What are the
people doing?
7 A: The tall man
y cat: [maski] seems to be looking

: i man: [mask2] N
=r= man: [mask3] for something on the
table, ...

Q: How many boats

GT: are there in the image?
boat1: A:There are 11 boats
[bbox1] in total, and their
boat2: bounding boxes are

[Xy1,[%y];-..

m Q: What canbe seen in the

A: On the table, there’s a
ketchup bottle, a carrot...

Q: How should the robot
proceed to pick up the carrot?

GPT: The robot should
positionits gripper above ...

[bbox2] I

B 5. EBREPA K RGB %] RGB-Depth f&ﬁ%m%ﬁém&o ¥zt Spatial QA BIREEE RGB 5EE(EE . RBMHhRk
PG SIAAESIERD , PASI AN R AR i



. Pk up oo in the middl ( ﬁ’ ( ﬁ’

— ick up the teacup in the middle

End;élaceitontheclosestcutting @ @ @ ‘ @ @
oard.

[D Learn to Pick-and-Place Find the object @ Find the destination

@ J Do @@

(X X ]
Avoid Obstacles 9

oo @ ©e

Kl 6. SpatialQA-E FENLAS NBAERGIAZS ] KA.

I o
Teacup & 1 B
- L /

’ 7. SpatialQA-E RBl. 75 R ESLAAIFEEHEIH
PUELA R A UGS AR R 4 B0 ARSETEN T — R

TP, MR BE B S 2 5 ) LSRR ST B . A

SpatialQA-E W) 4 MEGIRE, HAIHE T2 RRAR,

K B3R AR S AN N, SRS, o
W A AR A LA [ BRI A R Ik
e AR R I I G

3.7. SpatialBench

PP VIM 1E8 L% FRTERE, AT Spo-
tialBench. 7E 120 SKFE E4RLHH DT I

o [Object 1] A A /M55 T [Object 2]?

o #F [Object] A2 X F A4

. HETHOE.

o P RIER T .

B A T /75 % BRI . WL4h, SpatialBench
AL BT MME (23] $eli 4 R VR 584

PARCASC N TARYERY 80 JKIEG (43K 3 AMUFHE).
3.8. SpatialBot Depth API 4244

SpatialBot R | VLM £514: EEZK1G mibds 5%
FEASHE A (Multi-modal Projector) Ab¥H J5 564k
token, F-5 A token —[m]3% A LLM, & Z& &
5o TR BEMER IR BOR (R L, &30k T Depth
API, 4 SpatialBot /)i & AN Depth(point) [
AR, 1% APT SHEXT IR BE ] Hp A if) i s R B
FHEREE I 45 SpatialBot. %547 IR APT
REME, SpatialBot 45 i 2855 . BRI % API
RIS ARSI BE(E . B, 24 SpatialBot FHHIE
PR BRI BN, JetfE i IR n i SAE ,
P FAE SR Depth APT; 2R ARG 1R 1 1%
FEJORE, ) S 2 P w2 56 1Y e RS e /N L,
FRH X2 S mg AR AR B Depth APT. ANid, A3
BUXHOR B A B g BRAE , DI 2RI AR SCH AeiF SpatialBot
TEFR A B LA APT, L B b 2 B MK BRI B
P e AR AR

4. J

HERUE SpatialBot LA PRARIRE . MR P42 HL
RIS RS RE ST . BEEIERE]: 5] IR
J&, BAfE MME (23], GQA [31] %l VQA {£55
R RETFEIEE T, BEIIHE SpatialQA FNZRE BT
VLM e AT 455 FRUS IR . &5, RT-X [56] |
ISEERKRI, Spatial Bot TEALas NIRAEAT 55 ] IR
PRAFE PR AR

FIANYT . SpatialBot FET VLM %1 Bunny [28]
#it, HJE LLM SEA] Phi-2-3B. Phi-3-4B [1]. QWen-
1.5-4B [6] 5 Llama-3-8B [68]. SpatialBot #5748
LA 4. BG4 R SigLIP [83], KR4 H1 %
384x384. Hliw N AEAE S NR A QWen-1.5-0.5B
5 CLIP [59], B %4> #% 336x336. 1iH 5 7r 5k
H LAION-2B [62] By E 7K’ X (Bunny-pretrain-
LAION-2M [28]) EFiil%k, 54 Bunny 695k [28] I+
. 2 2] B0HF 26 — 4, ZHEEEEGYA (Multi-modal
Projector) [H2£>2] %K 2e — 5; Llama-3-8B f5i4), I
P2 2RI . BRAEAR S5 s S R AR . £
TS AR AE TN R 5 WO P B BES WISk, o
FHMMA LoRA [29] A, YL 8 5k A100. 7
SpatialQA I, Phi-2 [1] 2455 15 /N

4.1. =3 [a] B

FEIE SpatialBot BEf MIRFEEI S Depth APT 3KHL
HER R (Metric Depth) fH, I HI7imE T %
% (Proximity) TEAYRIXER Spatial QA HAR
BES RS . SCIi SpatialBench 401 A
(Bounding Box) 5 EFRHERE, B 5 1  HBEHL A S
PIAIGIREE . [7] VLM 4 B AR 4 RReS, 4 w5
PR R PR FE A . T ELEVREE dye 5
VLM i UREE dest, PA 2598 5 100% A R ER




# 1. SpatialBench ERE5H. MIFEE LLM R fR s R A flffdriE. LLM-RGB 5 LLM-RGBD #3{{f: RGB &
B EUIZ:, 435IbA RGB 5 RGBD #ANIA. WEMTHH RN RGB #i AR SpatialBot |7 T MDE {£5 .

AR ‘ Depth 1 Position 1 Existence T Counting 1+ Reaching T Size 1
GPT-40-RGB - 70.6 85.0 84.5 51.7 43.3
GPT-40-RGBD - 61.8 90.0 85.2 51.7 40.0
Bunny-Phi2-3B-RGB 70.6 50.0 75.0 89.4 51.7 26.7
SpatialBot-Phi2-3B-RGB 84.1 64.7 80.0 88.0 61.7 28.3
Bunny-Phi2-3B-RGBD 85.8 50.0 75.0 90.4 43.3 28.3
SpatialBot-Phi2-3B-RGBD >99 61.8 80.0 91.7 55.0 26.7
Bunny-Phi3-4B-RGB 32.3 58.8 75.0 91.0 31.7 16.7
SpatialBot-Phi3-4B-RGB 83.2 64.7 75.0 91.0 40 23.3
Bunny-Phi3-4B-RGBD 63.3 52.9 60.0 85.4 31.7 18.3
SpatialBot-Phi3-4B-RGBD >99 67.7 70.0 91.7 35.0 21.7
Bunny-QWen-1.5-4B-RGB 42.2 50.0 75.0 91.6 26.7 15.0
SpatialBot-QWenl.5-4B-RGB 89.9 52.9 75.0 88.6 46.8 18.3
Bunny-QWen-1.5-4B-RGBD 74.6 441 70.0 90.7 25.0 15.0
SpatialBot-QWenl.5-4B-RGBD >99 52.9 60.0 90.5 41.7 26.7
Bunny-Llama3-8B-RGB 58.1 50.0 75.0 91.7 38.3 23.3
SpatialBot-Llama3-8B-RGB 85.6 55.9 80.0 91.2 40.0 20.0
Bunny-Llama3-8B-RGBD 64.0 50.0 75.0 90.4 38.3 25.0
SpatialBot-Llama3-8B-RGBD >99 53.0 75.0 90.4 45.0 20.0

# 2. J@J VLM B FRYSER. MIFEE LLM gz, sS4 )R 0A Bk frdE. RGB-D 8t AU T MME. R
Bunny PA RGB 1. 45104 RGB/RGB-D MM 45 5, MR, SpatialBot 76 RGBD Fill%k, FH4E MME DA
RGB/RGB-D iz

iz | MMEP +  MMEC®+ MMBT{ MMBP {1 SEED-I{ VQA“2+ GQA1 POPE 1
Bunny-Phi2-3B 1472/1474  286/285  67.90 68.90 69.91 78.98 61.52  86.21
SpatialBot-Phi2-3B 1483/1487 310/312  70.12 68.56 70.85 79.80  62.28  87.04
Bunny-Phi3-4B 1417/1364  308/319  70.15 70.74 71.04 80.57  61.18  84.60
SpatialBot-Phi3-4B 1431/1433 337/329  73.49 73.11 71.64 80.01  62.16  85.47
Bunny-QWen1.5-4B 1340/1364  251/254  69.56 68.56 70.05 80.63  61.55  85.10
SpatialBot-QWen1.5-4B | 1378/1406 266/285  70.91 69.67 70.36 79.60  62.77  86.09
Bunny-Llama3-8B 1574/1542  342/318  T3.67 74.15 72.32 80.50  62.18  85.22
SpatialBot-LLama3-8B | 1577/1576 352/333  75.78 74.83 72.40 80.94  62.90  85.33

J&. {58 Depth AP {EFER LK 1 Hiiy Depth 5 4.3. 3@ /] VLM EeifE
Proximity 51|, MAMETE G R HIWT. TR & PR

525 BRI 12,

A SCHR S DA R G B E B g5 R MME J@A [23]
(MMEFP) . MME A% (MMEC®) ., MMBench [54] il
REHF k4% (MMBT 5 MMBP) . SEED Bench
Image [45] (SEED(-I)) . VQA [26] ) test-dev %4}

4.2. SpatialBench

ASCHE SpatialBench X} HCARIVERE, %3 HE B A7
KEFR . YIEAFAENE. filtik (Reaching) 5 RSFHE DU
M. ¥ GPT-40 H5HE SpatialQA LI ZRRyEiA
RTHERT L 7E Spatial QA EIZ5E) 3B, 4B 5 8B il
Buf 5 GPT-4o MMMLER . G5RME T3 1.

(VQA¥2). GQA [31] PLJ POPE [19] (COCO FailF4E
EZRWCEEY FL 48 o HP 2 EEMEQUT RGB R
BEIC 28, FHikHfE MME” 5 GQA L[] RGB-
Depth #if A——X I EEAL S8 WikEAErES
L, TREE(R S WU RETE M T ity e 3 fi




4.4. SpatialBot 7i E. BT 55 ) )

AAE SpatialQA-E 1 SpatialBot, T ELHLAS
NIBAEAESS o BB R 2 i RGB 5{ RGBD
A VLA B, 38 LLM %A QWen-1.5-0.5B [6],
v g i as Rl CLIP [59]. I ZR%dE4E 2 Bunny-
pretrain-LATION-2M [28], 1% SpatialQA-E.
T DA 5 Dt 00 224 7 P A s A T R AL, AT
AHEIETT, WAL ssh/sftp EHE RTX 4090 GPU
FiEfT. KR T SpatialBot BEMS i B4 [H] 45 4 50
BARVEE S . B 8 454 SpatialBot RGB 5 RGBD 45
PRI IR R, SpatialBot HIHTHLSHCE:
Cibs i1

90%
B RGB

RGBD

60%

30%

0% . . l

Positional Size lllusion Overall

K 8. SpatialBot RGB 5 RGBD ZFAYEINHL S5HCE (Pick-
and-Place) 14 #1103 %.

5. VLM iy R EERG v

ALk VLM BRI, MM R HER IR A
Mo B ATRREERK: X B S U AR H TR A T
(Monocular Depth Estimation, MDE) 24 & YE? K
B UEIX — s, ASSCESK SpatialBot T s B K HY TR
J&, GERHAETIE C#E 1 (SpatialBot-RGB 1 Depth 4y
). VLM {F- i AR Hoas RSl SC A A58 i MDE
MIREST. AN (3, 4, 82, 86] Frilesl, AEMERIIR RRIR
FEN] RE T AN RIS AR . A SCHRSRHZME, B
Tl g5t 2> B SpatialQA [l FH 1.

6. SpatialBench e

JE SpatialBench 1, GPT-4o ifiB X R4 34 1HEZE
Ped, A SCPAERIR RN UER R . GPT-40 fE7)4h
20 JREME EA K 20 XPIE S R . HA R [H]
i K0 A R I P O S Rl 0 N I < A T T 1 P €
20 SREME b, N AR € 5Kk @ — B R bn i 4L
i, FREDRBEDHZ YRR N AR % 585 5
TE 20 SKREME BT iEm 5 R m 2k, 2 55k
A BHCEREEAYIA B, DAERST . A58
THEA R IE AR PR AR [ B2 X — X Ik 1) 5
A ] 1510 A 1

7. Spatial QA B A ik

ALY 50k KEG EHER GPT, 4 SpatialQA A1
R PR . 25 [ B S P A\ s s . Btk
S ERE N ILE 3. =TS & EHEHAN GPT
PR LR 4. FEFIEMG SRR & LE 9. 10 Fl
11, BeAh, NITAREERLE RTX JohbE ok B ARE 3
ANHFHE (Bounding Box), FHAEJE)N (Gripper) T
18 A I b BT DL A AR o

8. Bedhidls. BIXLLGAEAER I

SpatialBot J‘E 7 ¢ JF & https://github.com/
BAAI-DCAI/SpatialBot?tab=readme-ov-file, Hrp
PROLCEAE . RS, A, KA (Checkpoint) . ¥
FTUERA B B «

SpatialQA ®] ¥ Hugging Face F#: https://
huggingface.co/datasets/RussRobin/SpatialQA,

SpatialQA-E £\ 7F Hugging Face #£fi: https://
huggingface.co/datasets/RussRobin/SpatialQA-
E,

SpatialBench W] jfiif https://huggingface.co/
datasets/RussRobin/SpatialBench #£E{.

SpatialBot-3B T Phi-2 [1] 5 SigLip [83], H
KT ) W] AE https://huggingface.co/RussRobin/
SpatialBot-3B [,

SpatialBot FTRIZH: A i Al Bunny [28] A2
JEFREL: https://github.com/BAAI-DCAI/Bunny.

9. &5k

AW SpatialBot, —R4ISER) VLM, @i 7E B &
W Spatial QA 5 Spatial QA-E $iisE gk, LA
RO UR B R R, AR B R B 5T ORI Bl N
$e1E. SpatialBot BEWEPRFRIRIERIA, HFIHIEEE
SLSE LG 1R 25 5 L B AT 55 v 1 2 [B) B AR 28 [R) 4R B
ARSI T SpatialBench, A5 T VEIRLTL 1) 28
(BN R . FEASSCHREME . Gl VLM e L A
BRVETRE LI SEIREE RIGIE T SpatialBot F ELXT EE 7
YRR S OB

Bt

ATAEZE R B AR RS (WTH S 62306046) 5
FHAENAFR (WUH 5 8200800081) #EH).


https://github.com/BAAI-DCAI/SpatialBot?tab=readme-ov-file
https://github.com/BAAI-DCAI/SpatialBot?tab=readme-ov-file
https://huggingface.co/datasets/RussRobin/SpatialQA
https://huggingface.co/datasets/RussRobin/SpatialQA
https://huggingface.co/datasets/RussRobin/SpatialQA-E
https://huggingface.co/datasets/RussRobin/SpatialQA-E
https://huggingface.co/datasets/RussRobin/SpatialQA-E
https://huggingface.co/datasets/RussRobin/SpatialBench
https://huggingface.co/datasets/RussRobin/SpatialBench
https://huggingface.co/RussRobin/SpatialBot-3B
https://huggingface.co/RussRobin/SpatialBot-3B
https://github.com/BAAI-DCAI/Bunny

# 3. SpatialQA Hi) RGB KR SRR, HILEIEOR B 12K

GEIR

& (CESTERAEdESET) . 5l ZoeDepth [8] fit MDE

Bedha ELE | PR %

| PG G 2 BN AL 5 TR0 P e 5

Bunny695k [28] A MLLM €1y | 695Kk

i#
VG, COCO VR PR PR At 20k

BEPLIEIR . $en GPT JoMUREER (BT, P RGB %dls
LW LR TE. GPT RYHERT AR 247 f% . MDE,

KITTI [69] 7 [a) B AR 1.75k

M KITTI i B 44~ 7 1) rh BE ML BB bl 1389037 541
BT A0 L O RS A (BT b, sy i)
FAERBEELGEG, FIA TR R EGg. b1
KITTT WS B S Mg, H ZoeDepth £l KITTI |

W, A3l MDE.

NYU Depth v2 [65]

23 [ B

| 1.5k K AR R S5 % R IR R

RT-X [56]

Plas N3 SR

7.5k

FE P BB, #5001 MDE i HATE .

SA-1B [40]

3] B 15k

73 A) % Z 5T 5. MDE,

2D-3D-S [2]

2 [ B

2.9k

BB RIEESTRE.

# 4. SpatialQA Y GPT $/rid.

Hbs

GPT $irnid

R [l PR

Design a conversion between you and a human talking about the depth map. The human
asks you to describe the depth map. You should focus on depth value predictions. The colors
just represent depth values. Do not directly mention colors on the image in your response,
instead, mention the depth distribution they stand for. Looking at the depth map, you
should also infer what may be in the image. If something really exists in the rgb image, and
can be inferred from the depth map, you can mention they in your response. If possible, pay
attention to spatial relationships. When referring to spatial relationships, such as left and
right, you should use the real-world left and right, rather than those in the image coordinate
system.

= [v) LA

Design a conversation, consisting of no more than 3 Question-Answer pairs, between you
and a person asking about this image. The content within the conversation should be
logically connected. You should think of what are spatial relationships of objects in the
image. Then generate the conversation according regarding the spatial relationships. Spatial
relationships can be about, but not limited to these categories: positional (left/right, below/
above, behind/front), distance (further/closer to the camera, further/closer to something),
size(big/small, tall/short, wide/thin), reach (has A touched/reached B physically). When
describing spatial relationships, always use the real-world orientation as if you are standing
in the real scene. e.g. when using right side of object, it should talk about what is on the
right side of object in the real world, not on the right side of image’. Only describe the things
that you are sure about.

PLas N3 P

Design a conversation, consisting of no more than 3 Question-Answer pairs, between you and
a person asking about this image. The content within the conversation should be logically
connected. You should first think of robot task: what may the robot want to do with the
objects. And then generate the conversation according to robot task. The conversations can
include what robot are doing, how should the robot finish robot task, object count, object
position, positional relationships, object appearance, etc. Only describe the things that you
are sure about. Please note that you are talking to a person about the image and robot.
You are not the robot, and you are not talking to the robot.

10

ESK AR 3 D AHE (Bounding Box), 37EJ¢)1 (Gripper)
A DL AR s (RN GPT ZE Bl H 2. 45 F AR LR

M SA-1B LB S A ER, H4R GPT-4o BN T

M 2d3ds HEEFLIEIRIAE , 7 AN THIERIE AP ARBCR L 3 1)



e 2
Q: Can you describe the depth map for me?

A: The depth map shows varying depth values across the scene. The bottom portion of the image represents the
foreground with the closest depth values, indicating the presence of grass or a field. Towards the middle of the image,
there are structures with intermediate depth values suggesting the presence of multiple trees. The upper section depicts
the background with the farthest depth values, likely representing the sky. The trees are positioned such that the one to

the leftis closer than the rightmost one in the scene.

.
I “
4

Vs

Q: Can you describe the depth map for me?

A: The depth map indicates variations in distance within the scene. The foreground, from the ground plane closest to us,
shows the shallowest depth, hinting at the ground level area immediately in front. Further back, shapes that likely
represent standing people and possibly objects like posts or bollards can be inferred, with mid-range depth values.
Farther back still, we see deeper values, representing a building facade and a vertically elongated structure, probably a
lamp post or pole situated in front and towards the middle. It can be inferred that this scene is of a streetscape with

people, a sidewalk, and storefronts.
\ J
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Vs
Q1: What can you see on the left side of the canal?

A1: On the left side of the canal, there are several wooden boats docked, a large tree,
and some buildings, including garages with closed doors.

Q2: What is the woman in the pink coat walking towards?

A2: The woman in the pink coat is walking along the path that runs parallel to the
canal, heading towards the background where more buildings and structures are
visible.

Q3: Can you describe the scene on the right side of the canal further up?

A3: Further up on the right side of the canal, there are more boats docked and some

trees and buildings in the background. There is also another person walking along the

path.
\\

~N

J

Vs

A1: The penguin sitting

A2: The penguin on the

-

Q1: Which penguin seems to be the tallest?

Q2: Which penguin is the smallest in size?

Q3: In the real world, which character is bigger, the igloo or the penguin on top of it?

A3: In the real world, the igloo is bigger than the penguin on top of it.

on top of the igloo seems to be the tallest.

left, with the red hat, seems to be the smallest in size.

( 2\
Q1: Has the yellow car reached the motorcycles?

A1: No, the yellow car has not reached the motorcycles. There is a small gap

between them.

Q2: Has anyone reached the area with the red stalls?

A2: Yes, there are several people around and inside the area with the red stalls.

Q3: Has the white structure near the motorcycles touched any buildings?

A3: No, the white structure near the motorcycles has not touched any buildings. It

is standing independently.
- J
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Q1: What s the robot doing in this image? Q1: What is the robot doing in this image?
A1:The robot appears to be reaching A1:The robot appears to be holding a green object with its
towards two cans placed on a table. gripper arm, placing it on or picking it up from a table.
Q2: What objects are present on the black shelf beside the
Q2: How many objects are on the table? robot?
A2: There are two cans on the table. A2: There are three objects on the black shelf: a white cylindrical
object, a white cube, and a potted plant.
Q3: What is the robot likely trying to do Q3: How should the robot approach picking up the white
with the cans? cube?
A3: The robot is likely attempting to pick up A3: The robot should position its gripper arm directly above the
or move one or both of the cans. white cube, then lower the arm carefully to grip the cube
securely before lifting it.
Bounding boxes Bounding boxes
Gripper: [0.3,0.117,0.42,0.235], Gripper: [0.462, 0.389, 0.514, 0.487],
Can_1:[0.325,0.147, 0.403, 0.289], Bowl: [0.425, 0.443, 0.505, 0.54],
Can_2:[0.232,0.131,0.319, 0.3] Apple: [0.471, 0.412, 0.499, 0.475]
AN

Bl 11. Spatial QA L N3 st AE G R
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1. What is the depth value of the woman? 1. What is the depth value of the sign?
SpatialBot-Phi2-3B: 1241 (GT: 1240) SpatialBot-Phi2-3B: 4137 (GT: 4137)

2. What is the depth value of the cat? 2. What is the depth value of the white car?

LSpatialBot-PhiZ-SB 1990 (GT:987) LSpatialBot-PhiZ-CiB 128482 (GT: 28479)

(3. Which is closer to the camera, cat or woman? ) (3 Which is closer to the camera, sign or white car? )
SpatialBot-Phi2-3B : cat corresponds to a depth level of SpatialBot-Phi2-3B : The sign corresponds to a depth
990, and woman corresponds to a depth level of 1241. measurement of 4137, and the white car corresponds
Since 990 < 1241, it can be inferred that: cat is closer to to a depth measurement of 28482. Since 4137 < 28482,
the camera, so the answer is: cat. V it can be inferred that: the sign is closer to the camera.

v
Bunny-Phi2-3B : The cat. ¢ Bunny-Phi2-3B : The sign. &
Bunny-QWen1.5-4B: They are equally close. X Bunny-QWen1.5-4B : The sign. V
LLaVA-34B: The woman. X LLaVA-34B: The sign. V

\GPt-40: The woman. X ) \GPt-4o:The sign. & )

( - . . N . . o =)
4. Where is the cat? Answer with the option's letter 4. What is the arrow of sign pointing to? Answer with
from the given choices directly. the option's letter from the given choices directly.

(A) The catis in the woman's bag. (A) The car.
(B) The cat is in the woman's pocket. (B) The grass.
(C) The cat is out of the woman's bag. (C) The sky.
(D) The cat is not with the woman. (D) The building.
SpatialBot-Phi2-3B: (A) SpatialBot-Phi2-3B: (B)
Bunny-Phi2-3B: (C) X Bunny-Phi2-3B: (A) X
Bunny-QWen1.5-4B : (C) X Bunny-QWen1.5-4B : (D) X
LLaVA-34B: (C) X LLaVA-34B: (C) X
\GPT-40: (A) ¥ ) \GPT-40:(A) X )

Bl 12. SpatialBot SHELMRIINEARG]. Seifl AR TREEE, FREER YA Z BIHRE, fad 28 R R
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