Appendix: Image Segmentation Using Text and Image Prompts

Experimental Setup

Throughout our experiments we used PyTorch [1] and
CLIP ViT-B/16 [2]] weights. We trained on Phrase-
Cut [3] for 20,000 iterations on batches of size 64 with
an initial learning rate of 0.001 (for VitSeg 0.0001)
which decays following a cosine learning rate schedule
to 0.0001 (without warmup). We use automatic mixed
precision and binary cross entropy as our only loss func-
tion.

Image-size Dependency of CLIP

Since multi-head attention does not require a fixed num-
ber of tokens, Transformers can handle inputs of ar-
bitrary size. Nonetheless, does performance decrease
when images of a different size than training size are
used? To find out, we use CLIP as a feature extractor
and using the CLS token in the last layer for training a
logistic regression classifier. We do this on a subset of
ImageNet [4] classes differentiating 67 classes of vehi-

cles (Fig. [I).
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Figure 1: Image classification performance of CLIP
over different image sizes.

Object-mapping for affordances and at-
tributes

For our systematic analysis on generalization (Section
5.5 in the main paper), we generate samples by re-
placing the following object categories by affordances
(bold).

Affordances:

sit on: armchair, sofa, loveseat, deck chair, rocking
chair, highchair, deck chair, folding chair, chair, re-
cliner, wheelchair

drink from: bottle, beer bottle, water bottle, wine
bottle, thermos bottle

ride on: horse, pony, motorcycle

Attributes:

can fly: eagle, jet plane, airplane, fighter jet, bird, duck,
gull, owl, seabird, pigeon, goose, parakeet

can be driven: minivan, bus (vehicle), cab (taxi), jeep,
ambulance, car (automobile)

can swim: duck, duckling, water scooter, penguin,
boat, kayak, canoe

Meronymy (part-of relations):

has wheels: dirt bike, car (automobile), wheelchair,
motorcycle, bicycle, cab (taxi), minivan, bus (vehicle),
cab (taxi), jeep, ambulance

has legs: armchair, sofa, loveseat, deck chair, rock-
ing chair, highchair, deck chair, folding chair, chair,
recliner, wheelchair, horse, pony, eagle, bird, duck,
gull, owl, seabird, pigeon, goose, parakeet, dog, cat,
flamingo, penguin, cow, puppy, sheep, black sheep,
ostrich, ram (animal), chicken (animal), person



Average Precision Computation

Instead of operating on bounding boxes as in detection,
we compute the metric at the pixel-level. This makes
the computation challenging, since AP is normally com-
puted by sorting all predictions (hence all pixels) ac-
cording their likelihood, which requires keeping them in
the working memory. For pixels, this is not possible. To
circumvent this, we define a fixed set of thresholds and
aggregate statistics (true-positives, etc.) in each image.
Finally, we sum up the statistics per threshold level and
compute the precision recall curve. Average precision is
computed using Simpson integration.

Qualitative Predictions

In Fig. 2| we show predictions of ViTSeg, analogous to
Fig. 4 of the main paper. The predictions indicate the
deficits of an ImageNet-trained ViT backbone compared
to CLIP.
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Figure 2: Qualitative predictions on the same data as Fig. 4.



