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Self-supervised Learning for 3D Real-scenes Question Answering
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1 School of Cyber Science and Engineering,Zhengzhou University, Zhengzhou 450000, China

2 School of Computer Science and Engineering,Sun Yat-sen University, Guangzhou 510000, China

Abstract Visual question answering(VQA) has gradually become one of the research hotspots in recent years. Most of the cur-
rent question-answering research is 2D-image-based,often suffering from spatial ambiguity introduced by viewpoint changing,oc-
clusion,and reprojection. In practice, human-computer interaction scenarios are often three-dimensional, yielding the demand for
3D-scene-based question answering. Existing 3D question answering algorithms have so far been able to perceive 3D objects and
their spatial relationships, and can answer complex questions. However, point clouds represented by 3D scenes and the target
questions belong to two different modalities, which are extremely difficult to align,leading to their unconspicuous related features
are easy to be ignored. Aiming at this problem, this paper proposes a novel learning-based question answering method for realistic
3D scenes, called 3D self-supervised question answering(3DSSQA). Within 3DSSQA ,a 3D cross-modal contrastive learning model
(3DCMCL) is proposed to first align point-cloud data with question data globally for modality heterogeneity gap reduction, before
mining related features between the two. In addition,a deep interactive attention(DIA) network is adapted to align 3D objects
with keywords in a more fine-grained granularity,facilitating sufficient interactions between them. Extensive experiments on the
ScanQA dataset demonstrate that 3DSSQA achieves an accuracy of 24. 3% on the main EM@1 metric,notably surpassing state-
of-the-art models.

Keywords 3D question answering, Self-supervised learning, Contrastive learning, Point clouds,Deep interactive attention
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KA ILAT & 5 AN EE 4. A IR W R R e ) 4 o
P Lo IS SR e (i R 53 2R Lo L 3D B A A6 Y 45
B Lo 3D BEREZS N HA IR L, AT I 2850 58 A58 B 11 2850 5 43 2 i
KL o AT LR, A SCH B 88 3 ¢ - 47 {7 509 2 1 4
B BIR Lo AT R A0 FR

Lyw=Ly,+L,+Ly+L, +L, (10)
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TEAR T, 75 ScanQA Hdfa 4 B A% 3DSSQA J7 ¥k 5 e i
B9 07 5 BEAT LU # T HEAT I Rl 92 5 LA B HIE 3DSSQA U7 i h g
ALY A R
4.1 HEESTEMRIER

ARICT7EAE ScanQA FHE & b HEAT I 4R M PEAh . Scan-
QA H#i 4R 2 3D ] 2 b € 09 F 7 B 4, 2 37 #F ScanNet

BHE AL R B A 1 £ & R A ScanNet B4 5 11 800 % N
SELL KA I 41 363 AN [A] B AN 58 191 A RN, B &M
LA JETE AN Y AT [ B 82X A L IR i L ) A g
A B . B G N A 5 7] 2 %], B 405 3D M 4
(RGN

HJ T ITAL 3D )& By HERE . A A EM@1 M1 EM@10
VER EEEMI54E, Hh EM@N FRH N A k& £
VEC 3] E 6 22 SR 09 A 4 th . B Dy — S A Y 24 22 R DL £
S TR B ) F AR AR T AR SO T 2R T B R 0 A
F ¥ 4h 48 F5. W A8 BLEU™, ROUGE-LP®, METE-
ORFY, CIDEr™ Fl SPICE™® 45 b5 P-4k 4 8 (14 2 2 DL e .
4.2 ZWMAT

AT X 3D 3 st R AT B M 1 B A BE L B I R A
ROBCR AR TR Rz A e . Bk B AR SCHE —5°~ 51
T S8 3 A Ak bR A LU =M B BEDLIER: 3D M.
SN HEFTA 7 1A b AL 88 8 = S 4 B B R 8 i 0. 5m.
3DSSQA 7 4l 8 2 W JLAT {5 1B, T4 3 1 £ W0 1B BT A
HERE LR £ B AT U 2R, 72 U SR AY a3 B b iR B 0 T
Adam™ LR/ R 16,0112 TR 5X 10 BB &
BN 0.2, 2% Encode-decode 45#4 , A< ) HE & Transfor-
mer ML T 6 )2 DIA, BEAIHE4T T 30 # il 45, — H Bk
SRk, IS RZIE BRWFIREMT 20%, KT R
AR A AN SR B 1 400 B AR SOR AR 0l R I R 1 X
10°°, B SEm 4 1E PyTorch b8 JH B4 V100 GPU SE#,

F T BAEA SR Y SDSSQA ik R H 5 DU &4y
347 L : RandomImage+ MCAN! , VoteNet+MCAN!,
ScanRefer + MCAN (pipeline)™, ScanQA™, ScanRefer +
MCAN(e2e)M™, RandomImage + MCAN & — 4> 2D [i] 2 45
L5 2 AT HC R H R R 3D n] BB B — 52 9 4R
Mtk 1Z 2D [MZBRRLE T BIZR ) MCAND  MCAN 2
F Transformer 45 #4 374K 5 4 T 4% 1 A 15 2% 56 B A 2515 B
MI3EH , 2 2D [l 45 BUOR RE H 4% 40 3 3D 35, IR kA 3¢
TE ScanNet U5 4 L2 17 2D M58 M & #E 8 . ScanNet $( 45
B (0 BRGS0 25 ok AR S Y L BT 4 R BB A S . B
M) A T 3 4. VoteNet+ MCAN 9 3D 25 i) th iy
X4 B A1 H MCAN H, % k%A 78 3D &5 i) X
H AR5 S #E 17 E 7, ScanRefer™ & —Fh 3D X 4 & i i,
FH P 245 58 015 75 38 18 22 10 51 3D 2 1) o B AR B B RS X 42
ScanRefer+MCAN (pipeline) J7 ¥ J& 7 Wi By Be i 47 19 . 56 —
BBt , ScanRefer f#i F§ VoteNet 15 5l b 8] 4 19 X} 42, 8% J5 Mk
WX bk B 50T MR A MR &L B K B Scan-
Refer %247 B X 42 3% 2] 2D #L3E [) & 45 % MCAN i, Scan-
Refer+MCAN (e2e) & — Fl 3 ) 3 (9 7 35 1% T L 1624 > 3D
SE AN 1) [ Rt 30 AT [ 25 42 ARl o 0 A A 0E R i) B P 2% T
A2,

ScanQA J7 i I T 4 % &% A1 15 45 25 84 . R ALK 3D
5 [0 P B Xk 52, 3 B T X 5 A 200 9 ek FL g A
4.3 EIWERMSMW

F1H T A SCHR Y 3DSSQA T 1 1 48 455 8 g 1
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M 1 0] LLE H L 3DSSQA 1 ir A ¥ 48 45 #F ' T Random-
Image+ MCAN, XK HIE T 3D [w) 25 458 784 (1 o 8 . 2 18 F 2D
HLSE ) A4S, X DN Sl 3D BN 4 A X 5 22 1] Y L S IR
JEPERNZS (8] 56 F AN S 7E 2D G b PR A A | JHE Y R R 4R
Mg A X, 78 EM@ 1 % A = 2 15 45 b, A SC
3DSSQA H VoteNet+MCAN & 4. 59 % . ¥ 3iE T 4 14 5 o7 #
R R 4y ZEBEHA A 4R T 3D Ml 245 80 1 B 5 3DSSQA

#id ScanRefer + MCAN (pipeline) 6. 78 % , # i ScanRefer +
MCAN((e2e)3. 74 %%, 1X F WA SCI5 IR TR fif P 3D [A) 24 4% 55 U5
T2 A R0 AT LU S5 34T 3D A5 25 R AE 0 IR) 8RR AT 1 il
B R 1 H.3DSSQA JLF1E T A 5 b5 L AR T fie 7 10 4
28 ScanQA X UEW] T HE & Transformer W 28 5K & %) L 2% S AE
R AR, 3DSSQA J7 vk T 20 RLE A HL o fig 40 B0 ¥R 3D
Gy SRR S S A LA N A 5.

#1  7F ScanQA i b 50 A FILMERE LK
Tablel Performance comparison with previous works on ScanQA
Model EM@1 EM@10 BLEU-1 ROUGE METEOR CIDEr SPICE
RandomImage+ MCANLL 22.31 53.11 26. 66 31.27 12.13 60. 37 9.05
VoteNet+MCANC 19.71 50. 76 29. 46 30. 97 12.07 58. 23 10. 44
ScanRefer+MCAN(pipeline)[1] 17.52 49.92 19.17 24. 40 9.38 44,25 6.24
ScanRefer+MCAN(e2¢) 1] 20. 56 52.35 27.85 30. 68 11.92 57.36 10. 58
ScanQAL!] 23.45 56.51 31.56 34.34 13.55 67.29 11.99
3DSSQA 24.30 55. 69 32.67 35.30 13.93 69. 02 12.58

4.4 HELILE

TEA AT ARSI ETE ScanQA BUHIs 45 1 HEAT I Ml 55 4%
FT 92 80 G v A 0 0 B R Tk 4 S o o T 4 o
7 Y 2 2 AN AT G v — S G B A Mok HEAT L IR 2 BT s, X
T 3D BB XE b 2 R U, 5 IR BB M B ORI AR H s
ST BRI FE A IS AR LA BT B, X BRE 1 3D B R ARX
FU2 o] BAT R0 L RE A5 4 /N TR RIS 25 S 4 B 22 B AT R T

FSRRE M — 0 A&. FTHEEER EM@1 XA,
B WA E AL ) 3DSSQA HE 2RIA % E Y 3DSSQA T RE
T 10619 REE T Wk LA H Y S, A A B R
i R BT G SR T AF S B LR 45 BB A R Il
PR LY 3DSSQA TE 45 Tl bR I 3% i I T JR A A A, 3
TR T YIRS AR AR . WA JER R it 3D
T R 2EE B A RO R T T A AR 3D S R .

Yt

# 2 FF ScanQA FUHELE L1 IH A 5Y

Table 2 Ablation studies on ScanQA
A Wk Bk At

o L EM@1 EM@10 BLEU-1 ROUGE METEOR CIDE SPICE
A% R A% ¥ i
NG NG NG N 24.30 55.69 32.67 35.30 13.93 69. 02 12.58
NG NG Ni 23.67 55.65 30. 86 33.94 13.38 66. 44 11.17
N N/ J 22.69 55. 41 30. 43 33.29 13.26 64. 89 10. 33
J J 20. 40 50. 66 26.15 29. 64 11.56 56. 84 8.39
NG NG NG 24, 28 55.06 31.58 35.01 13.67 67.86 10. 90
FHRIE ATEN T —-METALEBSIN =485 trends in augmented reality research: A review of the 2nd de-

)25 J5 ¥ (3DSSQA) R 52 i 3D 2 [6] B i AT 55 . 3DSSQA
FIH 3D BB X L2 2] i 3D g R X B u] B A (B R
AR » i /)N T3 e K355 14 S K 22 B, BT 422 90 1P & 22 1) T 7 1) A
KHFIE . RJ5 il 1 M Transformer M4 RALE 3D 515 B
AR A5 B A RO T RIRE B EK . S AR R,
ASCHITIETE ScanQA B dlE 4 AL T R LA AL, UG T N5
BIPERE 4R TE TR RLTE 3D 25 [ g A R HLAA R B0 R
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