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Abstract: Objective Point cloud semantic segmentation aims at assigning semantic labels to individual points in 3D
space. However, the performance of segmentation models often deteriorates when they are applied to unseen domains due

differences in the distribution of data between the source and target domains. To address this problem,

to domain shifts

domain adaptation techniques, particularly test-time adaptation (TTA), have gained attention. Unlike traditional unsuper-
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vised domain adaptation (UDA), TTA does not require access to labeled source-domain data, which makes it a privacy-
preserving and practical solution. TTA aims to fine-tune a model on unlabeled target-domain data, which enables it to gen-
eralize better to the target domain without compromising privacy. Recent advancements have incorporated multi-modal
data, such as pairing point cloud data with images, to further improve domain adaptation performance. These methods
enhance feature representations and provide richer statistical estimations for pseudo-label generation. However, in the case
of domain shift, alignment deviations may occur between modalities, which misleads the model to make incorrect predic-
tions. In addition, the domain differences of the modalities may further lead to inconsistent model understanding and frag-
mented semantic predictions, which affects the performance of point cloud semantic segmentation tasks. To this end, the
use of pre-trained foundation models, such as contrastive language-image pretraining (CLIP) and segment anything model
(SAM) , with their rich intrinsic prior knowledge, has shown promising results in improving semantic segmentation perfor-
mance in domain adaptation. Method This study proposes a foundation model-driven TTA method that incorporates knowl-
edge from pre-trained models to improve multi-modal domain adaptation. The approach consists of two main components.
One is the CLIP-based text-embedded segmentation layer. Based on the CLIP model, this layer uses text embeddings tai-
lored to the categories of the target domain to replace the original segmentation layer in the model. This integration
enhances the semantic generalization capability of the model, which allows it to adapt better to the target domain without
requiring additional labeled data. The capability of CLIP to align text and image feature spaces through contrastive learning
aids in transferring semantic knowledge from large-scale datasets to domain-specific tasks. The other is the SAM mask-
based feature consistency constraint module. Built upon SAM, this module generates object masks with consistent seman-
tics across the point cloud and image modalities. By enforcing feature consistency within these masks, the module improves
feature extraction and helps the model maintain semantic coherence between different modalities. This way ensures that fea-
tures remain aligned and consistent throughout the adaptation process, which enhances segmentation performance, particu-
larly in scenarios involving complex domain shifts. Result The method is evaluated on three multi-modal domain adaptation
scenarios using datasets: nuScenes, A2D2, and SemanticKITTI. These datasets offer diverse challenges, such as geo-
graphic and lighting domain shifts, as well as cross-dataset adaptation. Our method is compared with state-of-the-art TTA
and UDA approaches to assess its effectiveness. Experimental results demonstrate the effectiveness of the proposed method
across various domain adaptation scenarios. In the A2D2-SemanticKITTI adaptation setting, the method achieves a mean
intersection over union (mloU) of 48.3% in the 2D adaptation scenario, which surpasses the state-of-the-art method by
4.6%. In the 3D adaptation setting, the method achieves an mloU of 42. 9%. These results highlight the capability of the
proposed method to improve 2D and 3D semantic segmentation performance by leveraging two proposed modules. Com-
pared with UDA methods, which rely on source and target domain data, the proposed method performs competitively
despite only utilizing unlabeled target-domain data. This performance demonstrates the practicality of the method in real-
world scenarios where access to source data is limited due to privacy concerns. Furthermore, qualitative results illustrate
substantial improvements in segmentation quality, with the method producing highly accurate and coherent results in com-
plex environments. Ablation studies further show the validation of the proposed modules. The text-embedded segmentation
layer significantly enhanced 2D performance, with the mloU increased from 45. 8% to 48. 1%. The mask-constrained fea-
ture consistency module had a greater impact on 3D performance, which improved the mloU from 40. 2% to 41. 8%. When
both modules were combined, the method achieved the highest performance across 2D and 3D tasks, with an mloU of
48. 3% for 2D and 42. 9% for 3D. These experiments confirm that the combination of both modules is crucial for achieving
optimal performance in multi-modal domain adaptation. Conclusion In this study, we propose a TTA method that uses the
knowledge of a large visual model to guide the test. By integrating visual-text information and local feature consistency con-
straints, it substantially improves the generalization performance of point cloud semantic segmentation in various scenarios.
Extensive experiments across three real-world scenarios demonstrate the superior performance of our method.
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Fig. 1 Fragmented semantic phenomenon and the corrected
results after feature consistency constraint
((a) original image; (b) mask predicted by SAM;
(¢) fragmented semantic phenomenon;

(d) prediction result after feature consistency constraint )
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Table1 Comparison of the our method with other UDA and TTA methods under three different

domain adaptation settings(mIoU)
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Fig. 5 Experimental result visualization of our method under three domain adaptation setting
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Table 2 Ablation study results of text-embedded segmentation layer and feature consistency constraint module (mIoU)
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Fig. 6 Analysis of EMA momentum parameter in fast-slow model architecture ((a) 2D; (b) 3D; (c¢) average)
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Table 3 Analysis of different text prompts in segmentation layers (mloU)
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