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Motivation & Contribution Method

Currently, DA3SS and DG3SS methods have primarily focused on generalizing or adapting Overview: VFM-based Encoder:
between synthetic and real scenes. This leaves a gap In exploring a universal framework, We introduce a novel task-specific VFM-based encoder, which is guided by point- It is designed to learn alternately between two lightweight modules: Modal Transitional Prompting
enabling the generalization and adaptation of 3SS models across datasets. level prompts from 3D information. We place layer-wise learnable blocks to take full ~ (MTP) PG,(,-) and Learnable Spatial Tunability (LST) 7'5;(-).
* Our method 1Is groundbreaking In introducing the prompt-tuning concept Into the advantage of semantic understanding of diverse levels and modalities, which inherits By = Li(Bry) + TB(L(Bis)), 1 =1.2,...L.
universal model for DG3SS and DA3SS tasks. potential target information of VFMs into the current training model. ) | b <D
- We propose a novel learnable-parameter-inspired mechanism to the off-the-shelf VFMs, VFM-based Encoder e i B[l = E_1[1:,:] + PG (X?P, XPep),
which maximally preserves pre-existing target awareness in VFMs to further enhance its = . VAT Encoder Layer Li:ptspgu MTP is designed to capture 3D-to-2D transitional prior and task-shared knowledge of this
generalizability. Image from Camera - Lparsenepth ‘- | s l W resaroiionzos B oy | information from the prompt space, before being fed into layer L, .
R | g Saﬂ{:ﬂ E‘j R } _/:E 7 0= _»l LST is introduced to bridge the discrepancy between the pre-training dataset and the target scene
Bed - ' ﬁ 'Dg::: = L In the query space for seeking matched prompting after encoding in layer L, .
VEM.based Encoder - o | Crossmoda ettt (‘—"“'—"‘————————;;l -bl—T;— —————————————— EFC = &(¢y(E2P w ELF w EPeP)),
S P |¢ I .. w{eT 1 @ EfP = 85(Li(Ei-1)[1 5] 4+ Wy X (Wigun X Li(Ei-1)[1 5,:]) + Ji x 81(O0)),
: . g | . gD _‘:H g%g{ " B4 "k - Ll(El—l) %:jg{ J; = SoftMa:c(Ll(El_l)[l 5] x O, ), J, € RM*K,
0.4 o o, e ) = il F Ef® VD
LiDAR Pemt Cloud 1D Encoder 1D Decoder (@) Modal Transitional Prompting (b) Learnable Spatial Tunability O1 =04 X Opp,

Experiments & Ablation Studies & Visualization

Multi-modal DA3SS & DG3SS Source-free DA3SS _ _
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2D Backbone | Full Params  Trainable Params | Cost MTP LST nuScenes:Sing./USA A2D2/sKITTI
Task Method 2D 3D xM 2D 3D xM 2D 3D xM 2D 3D xM Task Method Source-free 2D 3D xM 2D 3D xM 2D 3D xM MTP LST
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