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Introduction
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o loU Comparison for Selected Classes

Challenges. Open-Vocabulary Semantic Segmentation models may
suffer from domain-shift issues both in terms of visual content and
vocabulary misalignments. Adaptation approaches requiring access to
their training data are impractical.

loU (%)

Proposal. VocAlign, a source-free domain adaptation framework
handling both visual and vocabulary -related domain shifts.
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Methodology

Teacher-Student framework. We apply VocAlign on top of the CAT-Seg backbone. We implement a teacher-student framework, where the teacher is
updated over time as an exponential moving average (EMA) of the student weights, and the student processes masked images.

On top of 1t, we 1ntroduce two key components specifically designed to deal with the Open-Vocabulary setting: Vocabulary Alignment and Top-K Selection.
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o VOCﬂblllary Alignment. We enrich each class in the targﬁt dataset with PY TOp'K Selection. Adaptlng to many classes can be Computationally pro-
c(n) concepts — additional text descriptions or synonyms, used only during hibitive. To address this, we use teacher predictions (enhanced by con-
adaptation. Before pseudo-label generation, concepts are aggregated back: cepts) to identify likely classes in an image. Given teacher probabilities
) Cln) g € RNLW "we compute the mean activation per class and select the Top-
pS; = ¢ o= 1,. . neer, P = Z p;:;b(n)’ n=1,....N. (1) K with the highest averages. The remaining classes are pruned from the cost
ST i P volume before aggregation.
Quantitative Results Qualitative Results
CityScapes evaluation CityScapes dataset
Method car fence road mbike .. pole truck wall terrain | mloU e - = =
§) g u”ijm_gwwwm,,,,...,...l' - get?ttio;. a4 . hEnE ™ = veﬂgetfc]lcftiorlrt} - . haaEd
Zero-Shot CAT-Seg | 76.38 38.37 86.03 5535 ... 2747 2322 977 0.02 | 47.56 s L T ii Mo pbeanemm ook B 1 ilding | -D',_..W <l p=r
VocAlign (ours) | 67.48 31.70 84.87 5483 .. 3771 4676 3432 4595 | 53.67 1 ' ____saew__.' -------
Improve (%) 89 667 -1.16 -052 .. +1024 +23.54 +24.55 +45.93 | +6.11 =
Multi-dataset evaluation |
ftraffic building ‘J | building
Method CityScapes PC-59 ADE20k-150 I | r;“‘fmig“ Fa :‘Q‘”}fé?e”@“t'
bicy Pty oicy Pl qevlalk
Zero-Shot 47.56 55.52 26.88 Method CityScapes PC-59 ADE20k-150 ' - road | rood
Min-Entropy 47.67 55.87 27.23 Ledstgtion
Teacher-Student 4458 5520  26.55 ﬁféﬁ‘r’gpy e 2094 2722
+ Masking 47715589 26.84 VogAlign (ours)| 48.97 57.32  27.40
+ Vocab Alignment | 49.58 56.81 26.77 Improve (%) +1.09 10,38 1018
+ TopK 4958 57.01  27.39 prove ™ ' ' '
Improve (%) +2.02 +1.49 +0.51

Ablation studies

Ablation study on Top-K
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