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Abstract

The rapid growth of robotics, wearable devices, and augmented reality/virtual reality (AR/VR) has garnered attention of spatial
media, in which a user can naturally interact with their three-dimensional (3D) environments and media services. This paper
provides a comprehensive review of recent research on language generation - based 3D scene understanding, which is crucial for
such agents. We first introduce representative datasets and define key language-generation tasks in 3D scene understanding. We
then survey existing methods categorized into single-task and multi-task learning approaches. Next, we compare and evaluate
state-of-the-art models on standard benchmarks. Finally, we discuss current limitations and outline promising directions for future
research.
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Text
1t is & compact room with a bed, desk and dhairs, stomge
units, and scattered personal items, alongside a bathroom
area with a dnk, toilet, and bathtub,

Text

+  Abrown and bue chair on the right side of the room.
+  Thisis a white pillow. It is at the head of a rectangular
bed.

*  Thisis a bed This bed has on top a blue blanket.

+  Thisis atoilet. The toilet is sitiated between the
bathtub and the sink.

+  The laptop is located on top of the desk. The laptop is
open. the laptop is basically centered cn the desktop.
with items on both sides of it

Fig. 1. lllustration of 3D Scene Captioning and Dense Captioning Tasks
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Text

Question: How many pairs of shoes - Text

Answer: 2

is the table behind?

Sitnation: I am washing my face at
the sink with a bathtub on my right,

Question: 15 the toilet seat covered

Text

Text

Answer up

up or down to my left?

Fig. 2. lllustration of 3D Visual Question Answering and Situated Question Answering
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Datatset Source Scene Objects Data Pairs Task
Scan2Cap®® ScanNet!'! 800 11,046 51,583 3D dense captioning
Nr3D!"'2 ScanNet!""! 707 4,664 32,919 3D object grounding
ScanQA® ScanNet!""l 800 - 41,363Q, VQA
58,191A
20,400Q .
(101 11 } , ,
SQA3D ScanNet! 650 33.400A Situated VQA
Multi-task
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Objaverse!' 3D QA,
) Embodied Navigation
etc.)
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ARKitScenes!"
59 AT Baa WHE Hlaste] JYeRfdch AOgH, WHlAeld 5 FHAAT BAaE AL
ScanNet 715} HloJEA 0. 2= 3D Y EE MY 91
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M, oS8 AR 229 Qo] HH gl AL Ty FE V. olo] MM J|et 3D = o|she| 4l
3D IR MY B AA = B AF0] wix] vk HlolE Hq ST
Aoz Z&Hh wHH ScanQA9 SQA3DE FF - SH
Fao) dolEle T, A 4 Avl i 3D Az ¥ AlAE o} 44 /1w 3D 4 olalel Hal A
AeHE OrH, FAE cdolHE T4 4% A% FF= UET WA ZAE FTe-Ee 54 TR EAH
I7F 228 Q1E= 3D ASE Aojont gl ATE ¥ 3D 71388t i}t R JEE PAIHOE ¥t W
sk, X, 283 05 AF olulAlsh sk AuE Beehe o
MSQA(Multi-modal Situated Question Answering)+= 7| = A 7k 28 5 79 3D A 23 WS At
Z9] 3D A o)2g} HolEAlo] FE B AE 7)ulo] A5 A olojx] Ao Ay 71nk 3D A4 ol AF-E @Y A 8
ol oE5te] Al ARE Ao sjAS 93t oz | &3 o A T 7|HOE ERFSt] AAHoRE 4y
AH O 2 B83HA] Xohe SIS Estaral Al QE At stz gt
A A 3D A 7Nte g " AE olw]x), 3D EIIE
FoeEE A3 AHE Y F4& =98, LLM 1. 3D &M FH
719t A2 - 5w S T8l oF 251,00070 9] HAt R situ-
ated QA 45 FEFO 2N, Bt AUt 43 X9} 5} 1.1 ZQIE ZetRE(Point Cloud)
A9l 3D F& 589 st R WUke ksl S ZE FTH-E= 3D Aol A9 712 95 3D
¥, ¥ 3D BAIE EZeE R o Haa I A QW3e g vepdh o2e J32 xyz #3x 9l
HolH A= A¢E Ik LEOE ScanNet, 3RScan, Obja- A& A3, deldo= A4, A, 291 YA} 22
verse 5 TFUEH 22 HloJEAl S 2R E &3 H 3D - H AEE XFT F k. TJUE Fe=E 7Y F3F
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scene), JH(scene) T2 T TS AlFahs, A, YE 283 o ool Y
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Point Cloud Voxel Grid Multi-view Image
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Fig. 3. Visualization of 3D scene representations
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Table 2. Evaluation Metrics

Measure Aim Domain Strengths Weaknesses
Exact Match (EM) precision QA Suitable for exlact answer Not suitable for open.-ended
matching response evaluation
BLEUMO n-gram precision Machine translation Computationally efficient Sensitive to wording and

sentence length

Limited handling of

ROUGE®!! n-gram recall Text summarization Computationally simple
paraphrases and synonyms
METEOR¥2 unl-gram precision, Machine translation Consider stems and synqnyms, Relies on external linguistic
uni-gram recall Strong human correlation resources
CIDEA* TF-IDF Visual captioning Strong human correlation Blasgd foward consensus
wording across references
m@kloU® loU 3D tlzlen.se Evaluates both. Iogallzatlon and over-dependence on the
captioning captioning threshold k

Instruction Ground Truth Response CIDEr BLEU-4 METEOR ROUGE

Provide a description of the object in the scene.

3 A white ottoman is
- 4 on the right of the

black couch. 5.3 34.5 40.4 59.9

This is a white ottoman. It is located to

the right of the black couch. A gray ottoman is

on the right of the 12.5 18.0 25.0 44.9
gray couch,

This is a white
ottoman. It is
below a
whiteboard.

38.7 38.8 26.1 54.0

Question Ground Truth Response EM@1 CIDEr BLEU-4 METEOR ROUGE

Where is the chair with no arms that is pushed
furthest away from table located?

In front of tv 1 65.1 100 100 100

In front of tv,
In front of long narrow table against

wall In front of long

thin table

Next to tv 0 0.9 4.6 15.3 27.3

12l 4. Scan2Cap ¥ ScanQA G[O[E{A 7|8t 3D & Ofaf| EfAT9| A oAl ALk 3D 12T 2HME(Scan2Cap), ot 3D
o|2E(ScanQA) HIE 2oiF0y, 2t SHO| het M ds 7t X|ES & HMAIS

Fig. 4. Qualitative examples of 3D scene understanding tasks based on the Scan2Cap and ScanQA datasets. The top illustrates

dense 3D captioning results (Scan2Cap), and the bottom shows 3D question answering results (ScanQA), along with quantitative

evaluation metrics for each response.

p|
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Exact Match(EM)= A &342] &4 43
2 k= AYE 7|9 AR 3D dosH H
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3 33 3 4+ 77} Scan2Cap} Nr3D 7 5(validation) Scene, Inst3D-LMM)°] 2 A% GA-S B30 H, Inst3D-

2+7}

tlelgAle| 48] 3D Y9 % MY A5 Bl 2HE o LMM- CIDEr@0.5, LEO= ROUGE@0.5¢F METEOR@,
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E 3. Scan2Cap validation HO|E{AIOIMS] A5 T}
Table 3. Experimental results on the Scan2Cap validation set

Method Task LLM Scan2Cap (val)
Setting C@0.5 B-4@0.5 M@0.5 R@0.5

Scan2Cap STL 35.2 22.4 21.4 43.6
Scan2Cap (w/ 2 D)® 39.1 23.3 22.0 448
MORE 39.0 23.0 217 443
MORE (w/ 2 D)4 STL 40.9 22.9 217 444
X-Trans2Cap STL 41.5 23.8 21.9 45.0
X-Trans2Cap (w/2 D)#® 439 25.1 22,5 453
SpaCap3D STL 428 254 22.8 457
SpaCap3D (w/ 2 D)?¥ 44,0 25.3 22.3 454
Vote2Cap-DETR STL 73.8 38.2 26.6 54.7
Vote2Cap-DETR (w/2 D)*”) 70.6 35.7 25.5 52.3
Vote2Cap-DETR+ + STL 78.2 39.7 26.9 55.5
Vote2Cap-DETR+ + (w/ 2 D)?® 74.4 37.2 26.2 53.3
3D-VLP MTL 50.0 31.9 245 51.2
3D-VLP (w/ 2 D) 54.9 32.3 24.8 515
3D-VisTAP? MTL 66.9 34.0 27.1 543
LEO!™ MTL \% 72.4 38.2 27.9 58.1
Chat-3D v2i? MTL v 63.9 31.8 223 50.2
LL3DAR MTL \% 65.2 36.8 26.0 55.1

Chat-Scenel®” MTL \% 771 36.3 - -
Inst3D-LMME! MTL Y 79.7 38.3 275 57.2

E 4. Nr3D validation H|O|EJAIOIMS| Hs HI}
Table 4. Experimental results on the Nr3D validation set

Task Nr3D (val)
Method ; LLM

Setting c@o.s B-4@0.5 M@0.5 R@0.5

X-Trans2Cap (w/ 2 D)*? 33.6 19.3 223 50.0
SpaCap3D - 314 19.0 222 49.8
SpaCap3D (w/ 2 D)*? 337 19.9 226 50.5
Vote2Cap-DETR (w/ 2 D)27 STL 455 26.9 25.4 54.8
Vote2Cap-DETR+ + (w/ 2 D)% STL 476 28.4 256 54.8
LL3DALS MTL v 51.2 28.8 259 56.6
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5. ScanQA validation C|O[E{MIOIAS] AS T}
Table 5. Experimental results on the ScanQA validation set
Task ScanQA (val)
Method Setting LM EM@1 BLEU-4 ROUGE | METEOR CIDEr
ScanQA® STL 21.1 10.1 333 13.1 64.9
BridgeQA STL 27.0 - - - -
SplatTalk?*” STL 17.1 - 327 14.2 61.7
3D-VLPk2 MTL 21.7 11.2 345 135 67.0
3D-VisTAR MTL 224 10.4 357 13.9 69.6
3D-LLMB4 MTL \Y 20.5 35.7 14,5 69.4
Chat-3D v2i*! MTL \Y 21.1 7.3 40.1 16.1 771
Scene-LLMP? MTL \Y 27.2 - 40.0 16.6 80.0
LEQOM MTL \Y 245 13.2 49.2 20.0 101.4
LL3DAR®! MTL \Y - - 37.3 15.9 76.8
Chat-Scene®®’ MTL \Y 21.6 14.3 416 18.0 87.7
Inst3D-LLME! MTL \Y 24.6 14.9 426 18.4 88.6
E 6. ScanQA test HIO|EMIOIMS] Mes I}
Table 6. Experimental results on the ScanQA test set with objects
Method Ta§k LLM ScanQA (test with object)
Setting EM@1 BLEU-4 ROUGE METEOR CIDEr
ScanQA®! STL 235 12.0 343 13.6 67.3
BridgeQA??! STL 31.3 24.1 433 16.5 83.8
cdViewst"! STL v 35.0 - 49.7 - 102.8
3D-VLPE2 MTL 24.6 11.2 36.0 14.2 70.2
3D-VisTA® MTL 27.0 16.0 38.6 15.2 76.6
3D-LLM®4 MTL v 19.1 11.6 35.3 14.9 69.6
LL3DARY MTL \% - 13.5 37.3 15.9 76.8
I 7. SQA3D test HIO|EAIOIM2] M It
Table 7. Experimental results on the SQA3D test set
Method Tagk LLM SQA3D (test) .
Setting What Is How Can Which Other Avg.
ScanQA® STL 28.6 65.0 47.3 66.3 43.9 429 453
SQA3D!"% STL 345 66.1 424 69.5 43.0 46.4 472
SplatTalk®” STL \Y - - - - - - 26.1
cdViews®"! STL v - - - - - - 56.9
3D-VisTAR! MTL 34.8 63.3 45.4 69.8 472 48.1 485
3D-LLMPY MTL \Y 35.0 66.0 47.0 69.0 48.0 46.0 48.1
Scene-LLME®! MTL \Y 40.9 69.1 45.0 70.8 472 52.3 54.2
LEO! MTL \Y 46.8 64.1 47.0 60.8 442 54.3 52.9
Chat-Scene®! MTL Y - - - - - - 54.6
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2.2 3D Z2|SEH3D Question Answering, 3D QA)
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