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Introduction Prior-based Query Generation

Raw Inputs Modality-synchronized Geometric-guided
Motivation:

LiDAR inherently suffers from sparsity, limiting its

effectiveness for small or distant objects. Images, providing

dense texture details, naturally complement LiDAR. To 10
leverage this synergy, we propose Image-Assists-LiDAR (IAL).
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Key objectives: point cloud
* Propose a mu.ltimodal 3D panoptic segmentatii)n ccale-aware PE —
framework without cumbersome post-processing. K |
* Introduce PieAug, a generalized approach for Transformer EEN C1ass
synchronized LiDAR-image augmentation. Decoder L
 Design GTF and PQG modules to align and complement matched inputs v mds —
: : : : ' itHu
LiDAR and image features by generating effective tokens multi-view images | modality tokens
and queries | (7] of
qu : /I orig./new scan EE] feature encoder | f | feature | 5 | scale-aware PE | g | query L e e —————
Problem & Observation: PIEAug Our IAL method achieves SOTA results on outdoor aEc))(gcesr;I rrti]eentrgttign : :
o thods onl + on the LIDAR sid o the misal ¢ bet daliti i i Panop 5 * Ablation studies for proposed modules.
* Pioneer methods only augment on the Li side, causing the misalignment between modalities. ¢
Y 5 ’ 5 5 ég * Rank 1st on the nuscenes'pa nOpth leaderboard. Table 5. Ablation study of the proposed modules in our framework.
Solution: “Things are as easy as sharing a pie.” £a * Highest performance on nuScenes and SemanticKITTI validation sets. I donos e o g modie
> Cut and Make a Pair: Each cylindrical voxel is paired with corresponding image grids {(v;, g;) = dli F el el G S ]
‘ Y P P & IMage g ir il o * Qutperforms LCPS and Panoptic-FusionNet by up to 5.1% on PQ. 757 781 844 883 738
> Mixing: Determine the binary mask S to organize the LiDAR-image pairs: 35 B R R A Eaara . s
Vaug — Vorg ® (1 — S) 4+ VneW ® S. This paradigm can be transformed to different modes: _,} i P.-PolarNet (Zhou et al,, 2021) L 677 710 781 860 | 652 740 872 | 719 849 839 | 693 i 4 4 4 823 847 897 915 80.6
1 f 9 c 0 1  P.-PHNet (Li et al., 2022a) L 7477  T77.7 842 882 | 740 825 89.0 | 759 869 86.8 79.7
: : = : hang et al., 202 2. . 2. 4 | 72 . 1 : 4. . 1 1 [reEEErrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrsrrrrrsEEn .
* Instance Pasting: S = URXP5Z, ,_ 1[(1,6,2) € C] * Scene Swapping: §(,6,2) = O'therwise H | P-PCSCNet (Somgetal,2024) L | 727 754 848 864 | 712 829 866 | 751 842 842 | 68 | | - Metod Y ..
’ ’ — ) R P3Former (Xiao et al., 2025) L 759 789 847 897 | 769 833 920 | 754 87.1 860 | 76.8 | _ |
| . . . . . g = = . e — LCPS (Zhang et al., 2023) L+C | 798 840 885 89.8 823 896 OL7 |756 865 867 805 | I E%‘Nettws t gg; 22-‘1* gg-g ;;’-g gi-g !
PolarMix etc., but achieve LIDAR & image synchronized augmentation. . - IR AR IR % & o o
2 - | T | | n | = E’ CenterLPS L 621 610 - TJ0 807 | - I
= Method M. |PQ PQ" RQ SQ |PQ"™ RQ"™ SQ" | PQ* RQ* SQ" | mloU ! S LCPS L 557 652 658 740 | 61.1 i
o o o PolarNet (Zhou ot al. _ _ _ _ _ _ _ _ _ _ 0 | P3Former L 626 662 724 762 | - I
GeomEtr|C'GU|ded TO ken FUS'On ! IE:—llelNi\tT (iizie}im., ;olz’zazi)o = i 33? ggé ggé gii gg? gg? S‘;‘_S 3%2 222 % gg.g : GE) IAL (LiDAR) L 620 651 719 760 | 649 i
<5y [T X2 no perceptive AL o LibAR brancty L | 751 777 850 0% | 150 805 o34 | 135 863 sea |7as | 0 TLePS [+C | 90 68 9 7938 | 632 |
iﬂ L. Fiakd Problem & Observation: | S v— " e | IAL(ours)  L+C | 631 663 729 814 | 660 1
g P 23 e by i oot e vl < EFEFrraA A A A A B e e
E g | Ko constraint fielc e projection error caused by virtual points, more severe when the voxel size grows. | TALGu) L+C | 820 843 893 916 | 848 902 938 | 775 8.8 878 | 799 | More results can be found in our paper
: R * Ignore the effect of perceptive field for both 3D and 2D features. E.g., not indicate or
Image coord AR e i 'ﬁll . . .. o . . -
(a) projection error (b] positional embedding (PE) constrained field limited by thSlcaI points. Qualltatlve ReSUItS
Scale-aware Positional Embedding (SPE) e Solution: The visualization of panoptic prediction (left) and error map (right). IAL showcases significant performance
4}{2 center—| PE | oo * Project physical points and aggregate the representation for accurate alignment. improvements in: 1. distinguishing closed objects; 2. detecting distant objects; 3. recognizing FP and FN objects.
]*b-m re- - " - - - . O iSDICOY) | IAL(UDARBrnct) | AL
cvlinder voxsl > scale —»[ MLP ] o « Apply scale embedding for both modalities. The scale is determined by virtual points. - P e
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Prior-Based Query Generation -
Problem & Observation: Solution: RT
. Learnable queries tend to converge to easier samples. »~ Geometric-Prior Query o) T < -
* Giving query a positional hint helps model locating. * LiDAR feature excels in precise location prediction. - DD
Table 1. Preliminary study of positional embedding for objects of Predict BEV center heatmap and average the height.
thing classes. We conduct the experiment on our LiDAR branch. » Texture-Prior Query o) T e — s
“GT” denotes using the ground truth center position, while “Noise™ * Texture feature is denser for hard samples, e.g., small and remote objects. N s LS
Seall a‘f_‘d_mg 93';1,581311;;“?,1%3 ity - satha oAl e S * Extract the 2D mask and Clustering 3D points within the mask frustum.
center position. “th” and “st” is the thing and stuft classes. . , ,
_ _ : > No-Prior Query ‘
Modality | GT Noise | PQ mloU | PQ' PQ* , , , o . , , :
* instances without advanced priors exhibit specific representation paradigm. - =
Sl P e el o  Apply learnable queries to learn this paradigm o =
LiDAR | v 8301 Rosl Eges L g PRTY . paradism. oo
LiDAR v v 81.8  79.8 86.8  73.6 All thing queries and semantic queries are combined and updated through transformer. { Wbarir Wius W Wpedestion Wtk Warvablewiface MWsidewslc Wtarrsin W mercads [ vegatation
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