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Abstract

Three-dimensional scene understanding is a fundamental task in computer vision, aiming to re-
cover the 3D structure of a scene from 2D observations while assigning semantic meaning to it.
Existing approaches typically rely heavily on large amounts of labeled data and often adopt task-
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specific scene representations, which struggle to balance representational expressiveness with learn-
ing efficiency. To address these challenges, this paper proposes an object-oriented framework for 3D
scene semantic understanding, designed to learn continuous, object-centric scene representations
from unlabeled data. The proposed method employs 3D Gaussian Splatting (3DGS) as the core repre-
sentation primitive and introduces a hybrid training strategy that integrates self-supervised learning
with adversarial learning. Specifically, geometric and physical consistency constraints are leveraged
to provide self-supervised signals, while multimodal prior knowledge is incorporated to regularize
the scene representation. Experimental results demonstrate that the proposed method achieves
promising performance in both 3D reconstruction quality and semantic understanding capability,
validating the effective combination of object-oriented representation and label-free learning. This
study offers a viable pathway toward 3D scene understanding with reduced annotation dependence
and enhanced generalization ability.
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BRI AR S R B 0. SATT,  THEALAE AL FRAR [T 55 B G B R kAR PREE AU T 2
RS ERA S B THERCRIR T[],

18 30 1 = 4 37y 5 51 g 7 15 B R 38 Bk &2 45 749 (Structure from Motion, SfM)-5 2 41 /1 ST AR 5
(Multi-View Stereo, MVS)IHAREE LR, KT L& 1F 00 R SR AEBEA T G UL B SR AR TH[2]. XK1k
FERIN §GE0E | IR 2B S 8 NI sty , 25 5 HIURHIE s UUHC 2R W, 3 a2 ) 46 I . 4ok,
FHZ25R S (Neural Radiance Fields, NeRF) )4 H br i 5 — 4 5 i A i) — Ik yu U 48, 2R 2 2000
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=4k = BTk ST (3D Gaussian Splatting, 3DGS)H A H LA Lk () @R 1 SRMPEME R T7 (4] [5].
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Figure 1. Diagram of overall framework
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Table 1. Comparison of rendering quality among different methods on three datasets
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Table 2. Ablation study results on the ScanNet dataset
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