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loU Comparison for Selected Classes
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Method ‘CityScapes PC-59 ADE20k-150
Zero-Shot 47.56 55.52 26.88 Method ‘CityScapes PC-59 ADE20k-150
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Top-K compared to randomly picking classes
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Introduction

This document provides supplementary material for BMVC paper “Lost in Translation? Vo-
cabulary Alignment for Source-Free Adaptation in Open-Vocabulary Semantic Segmenta-
tion." The supplementary content elaborates on key aspects of the work, addressing imple-
mentation details, detailed analyses, and additional results.

Specifically, this document includes:

* ChatGPT Prompts and Concept Augmentation: Insights into the prompt engineer-
ing process and examples of how generated concepts enhance model performance.

* Analysis of Ego-Vehicle Faulty Segmentation: Examination of common segmenta-
tion errors, particularly for ego-vehicle-related regions, and the applied solutions.

* Class-by-Class Analysis: Detailed per-class performance evaluation across multiple
datasets, highlighting areas of significant improvement.

* Qualitative Results: Visual comparisons illustrating the model’s improvements in
segmentation quality on various datasets.

© 2025. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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ChatGPT ol Prompt

Context: An open vocabulary semantic segmentation model was trained on a dataset with a
set amount of labels. The model is based on CLIP, which makes it possible to extend this
model to other datasets with other labels. However, the labels of the new evaluation dataset
might not properly align with the labels used for training. The following task aims to solve
this problem through the modification of the labels used for evaluation.

Task: Given a list of training labels and a list of evaluation labels, the objective is to
find a good mapping of training labels to the evaluation labels. Multiple training labels can be
mapped to the same evaluation label, but one training label can not appear more than once.

If the evaluation label does not have an exact match, then map two more synonyms,
chosen freely, beyond the already mapped training labels. Also modify the evaluation label to

align with the description if necessary.

Evaluation labels (with descriptions):

Training labels (with descriptions):

Follow-up ChatGPT ol Prompt

For all evaluation labels, find a synonym and add it to the list. The synonym does not have to
be from any previous list and can be chosen completely freely.

Figure 1: Initial and Follow-up prompts used in ChatGPT ol.

1 ChatGPT Prompts and Concept
Augmentation

In this section, we describe how we obtain augmented concepts to enhance teacher perfor-
mance during adaptation.

1.1 Prompt Design

To automatize the generation of augmented concepts, we interact with ChatGPT ol making
it responsible of the concepts generation process. To generate favourable concepts we feed
ChatGPT with the following information: the context of the task with its corresponding
restrictions, as well as information on the target labels and the source training labels. The
task consists of finding a good mapping from training labels to the target labels. If this
mapping does not exist, ChatGPT is asked to generate synonyms instead.

We also found that the descriptions of the labels in the evaluation datasets did not align
well with the visual semantics of such labels. In this case, we also ask ChatGPT to find a
suitable replacement label that aligns better with the label description. In practice, this was
seldom the case but helped in certain edge case scenarios. We found that this prompt could
generate satisfactory concepts for all datasets. However, for larger datasets, the amounts
of synonyms to generate was changed to satisfy computational restrictions, but only slight
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Original Classes | ChatGPT Concepts

road street
sidewalk pavement, floor-stone, floor-tile, footpath
building building-other, house, skyscraper, structure
wall wall-other, solid-other, structural-other, barrier
fence railing, enclosure
pole light, metal, post
traffic light signal
Original Classes | ChatGPT Concepts
traffic sign stop sign, parking meter, banner, signboard
vegetation tree, bush, plant-other, foliage
terrain grass, ground-other, dirt, landscape
sky sky-other, heavens
person human
rider horse, skateboard, cyclist
car automobile

| Original Classes | ChatGPT Concepts |

truck lorry

bus coach

train locomotive
motorcycle motorbike
bicycle bike

Table 1: ChatGPT Concepts. List of the original classes and the additional concepts gener-
ated by ChatGPT ol for CityScapes.

Method ‘road swalk build. wall fence pole tlight sign veg. terrain sky person rider car truck bus train mbike bike ‘mIoU

Zero-Shot|86.03 48.58 81.79 9.77 38.37 27.47 46.09 50.0584.08 0.02 81.69 68.08 0.05 76.38 23.22 49.18 7.12 55.35 70.23/47.56
Ours 84.8750.70 84.90 34.32 31.70 37.71 47.59 49.65 87.12 45.95 88.70 69.06 0.00 67.48 46.76 52.35 16.28 54.83 69.72|53.67
1.16 +2.12 43.11 +24.55 -6.67 +10.24 +1.50 -0.40 +3.04 +45.93 +7.01 +0.98 -0.05 -8.9 +23.54+3.17+9.16 -0.52 -0.51|+6.11

Table 2: Per-class results on CityScapes. We compare our proposed method to the initial
Zero-Shot predictions by CAT-Seg.

variations to the prompt were made.

1.2 Examples of Augmented Concepts

By exploiting the prompts introduced before, we can generate augmented concepts related
to any of the semantic classes in a dataset. In Table 1, we show some examples of concepts
generated by ChatGPT ol specifically for the original semantic classes in the CityScapes
dataset.

2 Ego-Vehicle Faulty Segmentation
For the sake of completeness, in Table 2 we report the results concerning all of the single

classes on CityScapes. As mentioned in the main paper, we observe a weird worsening of
the performance on the class car in the CityScapes results. We assume that this mainly
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Method ‘mad swalk build. wall fence pole tlight sign veg. terrain sky person rider car truck bus train mbike bike ‘mIoU

Zero-Shot Crop | 89.2 5525 823 13.52 38.55 27.51 46.09 51.26 84.45 0.02 86.58 68.12 0.05 81.19 24.13 49.65 13.92 5548 70.99|49.38
Ours Crop 8891 57.06 85.97 3589 31.65 38.77 48.69 54.56 87.2 47.07 90.14 69.11 0.0 85.67 47.1 53.31 17.34 55.17 70.15|55.99
-0.29 +1.81 +3.67 +22.37 -6.90 +11.26 +2.60 +3.30 +2.75 +47.05 +3.56 +0.99 -0.05 +4.48 +22.97 +3.66 +3.42 -0.31 -0.84|+6.61

Table 3: Per-class results on CityScapes when cropping. We compare our proposed
method to the initial Zero-Shot predictions by CAT-Seg when cropping the images to get
rid of the ego-vehicle during evaluation.

Method ‘plane bag bed bedcloth. bench bike bird boat book bottle build bus cabinet car cat ceil. chair cloth compu[er‘mloU

Zero-Shot
Ours

88.82 43.08 2547 4042 26.78 76.64 90.35 76.47 52.54 79.49 42.19 94.24 4232 74.69 9121 52.76 56.35 14.00 14.96 |55.52
89.02 41.78 2543 42.61 27.42 77.04 90.68 78.66 56.89 79.68 39.18 94.37 43.18 79.08 91.90 50.50 47.07 19.39 1825 |57.01
+0.20 -1.30 -0.04 +2.19 +0.64 +0.4 +0.33 +2.19 +4.35 +0.19 -3.01 +0.13 +0.86 +4.39 +0.69 -2.26 -9.28 +5.39 +3.29 |+1.49

Method ‘cuw cup curtain dog door fence floor flower food grass ground horse kboard light mbike mountain mouse person plate pform‘mIoU

90.19 36.79 56.02 89.01 25.00 40.63 62.16 33.63 39.15 79.8 2286 89.78 8231 462 8728 58.64 453 8731 6.74 3295|5552
90.61 36.31 55.54 89.67 25.01 40.84 66.12 2190 44.04 81.82 40.35 90.37 8l1.14 46.93 88.01 5939 50.15 87.37 845 40.63|57.01
+0.42 -0.48 -048 +0.66 +0.01 +0.21 +3.96 -11.73 +4.89 +2.02 +17.49 +0.59 -1.17 +0.73 +0.73 +0.75 +4.85 +0.06 +1.71 +7.68 |+1.49

Zero-Shot
Ours

Method ‘plant road rock sheep shelves s.walk sign sky snow sofa table track train tree truck tv  wall water window wood‘mloU

Zero-Shot
Ours

59.91 49.07 47.22 90.34 28.69 13.55 29.21 93.76 74.71 45.84 57.81 33.74 83.43 78.89 11.33 74.55 62.84 89.36 39.55 17.5 |55.52
61.09 50.92 51.61 90.57 32.13 19.28 31.77 93.97 74.11 40.04 56.86 52.04 87.90 78.46 13.91 77.34 6191 90.72 3791 24.14|57.01
+1.18 +1.85 +4.39 +0.23 +3.44 +573 +2.56 +0.21 -0.6 -58 -0.95 +18.3 +4.47 -0.43 +2.58 +2.79 -0.93 +1.36 -1.64 +6.64|+1.49

Table 4: Per-class results on PASCAL-Context 59. We compare our proposed method to
the Zero-Shot predictions by CAT-Seg.

Method |chand. bus barrel bridge poster schair wpane tank palm howel kisland tower fountain ball boat build. rug shelf pot skyscraper|mloU

Zero-Shot
Ours

3383 7100 636 3493 779 434 4219 143 2581 0.14 829 21.60 3623 54.75 6593 60.58 46.47 27.10 24.39 2575 |26.88
51.37 85.17 15.75 4332 14.76 10.85 48.41 7.60 31.15 547 3.53 16.14 29.90 47.41 57.94 5224 38.06 17.17 13.82 1491|2739
+17.54 +14.17 +9.39 +8.39 +6.97 +6.51 +6.22 +6.17 +5.34 +5.33 -476 -546 -633 -7.34 -7.99 -834 -841 -9.93 -10.57 10.84 | +0,51

Table 5: Top 10 best and worst per-class results on ADE20k We compare our proposed
method to the Zero-Shot predictions by CAT-Seg.

comes from the ego-vehicle, which is present during both training and evaluation. We thus
decide to run an evaluation in which we crop out the bottom 23% of the image, ensuring the
ego-vehicle is completely removed from every image. We run this evaluation both before
and after the adaptation, and collect results in Table 3. We can notice that the ego-vehicle
worsens the performance for the class car also for the original Cat-SEG model — since the
mloU already rises from 76.38 (see main paper) to 81.19. Furthermore, by running our

adaptation strategy in this setting, our result on this class gets even better, reaching a score
of 85.67.

3 Class-by-Class Analysis

In the main paper, on PASCAL-Context 59 and ADE20k we only reported the mloU aver-
aged over all semantic classes for the sake of space. Here, we report more detailed results
concerning single classes.

Table 4 collects the mIoU for each single semantic class in PASCAL-Context 59. We
can appreciate how the majority of the classes are improved by our method, with only 15 out
of the total 59 classes showing some drops.

Table 5 shows the results concerning the 20 classes for which we had the highest in-
crease/drop in mloU on ADE20k. We can appreciate how classes such as bus and chand. are
largely improved by more than 10%. As a counterpoint, others such as pot and skyscrapers
show a similar drop in performance.
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Figure 2: Qualitative results on ADE20K dataset. Starting fro the left, we show respec-
tively the ground truth segmentation map, the zero-shot CAT-Seg prediction, and the result
after our adaptation process.

Figure 3: Qualitative results on PC-59 dataset. Starting from the left, we show respectively
the ground truth segmentation map, the zero-shot CAT-Seg prediction, and the result after
our adaptation process.

4 Qualitative Results

We conclude with some additional qualitative results.

Figure 2 shows some examples from the ADE20k dataset over three rows, respectively
overlayed, from left to right, with ground-truth semantic masks, semantic labels predicted by
the original CAT-Seg model, or by the one adapted with our strategy. In the first row, we can
appreciate how the adaptation process allows CAT-Seg to fully recover the railing semantic
class, which was almost lost by the zero-shot model. In the second example, the original
CAT-Seg model wrongly labelled a large portion of the scene as part of the shower class,
whereas it can limit such area to the actual shower visible in the image. Finally, in the third
example, we can appreciate how CAT-Seg can properly label even very small objects in the
scene — such as the light class appearing on the roof, which was completely ignored by the
original CAT-Seg weights.

Figure 2 reports three examples from PASCAL-Context 59. Here, in particular, we can
appreciate how the adaptation process allows for recovering large regions of the background,
being incorrectly labeled as grass (top) or sidewalk (bottom) by the zero-shot model.



