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A More experimental results

A.1 The impact of the training dataset

Training stability. We report in the main paper the final results averaged over
three different randomly sampled subsets of ImageNet used for the training. In
the first row of Tab. 3 we report the corresponding standard deviation. We ob-
serve that in all cases the standard deviation equals 0.1 mIoU or lower, therefore
showing the stability of our training.

Train. dataset C59 V20 Stuff City ADE

IN-1k 35.9±0.1 80.9±0.0 24.6±0.1 31.7±0.1 20.0±0.0
IN-10k 35.9±0.0 80.3±0.1 24.7±0.0 31.9±0.1 20.1±0.0
DUTS-TR [17] 35.9 80.5 24.6 31.3 19.9

(a) Benchmark without ‘background’ prompt

Train. dataset VOC Con. Obj

IN-1k 62.1±0.0 32.4±0.1 34.8±0.1
IN-10k 61.9±0.0 32.4±0.0 34.6±0.1
DUTS-TR [17] 62.0 32.4 34.8

(b) Benchmark with ‘background’ prompt

Table 3: Performance with different training datasets. When using random
splits extracted from ImageNet (noted ‘IN’), we report the average score and standard
deviation computed over training with three random splits (of 1k or 10k) extracted in
ImageNet. In (a) we report the scores on the datasets without ’background’ class and
in (b) with.

Training with different datasets. Our method CLIP-DINOiser does not require
any labels to be trained. We investigate here the impact of training on the
datasets used to train self-supervised DINO [1] and FOUND [16], namely Ima-
genet and DUTS-TR [17]. We report scores in Tab. 3. We also provide results
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when increasing the dataset size to 10k on ImageNet. In all cases, we observe
no significant difference when using one dataset or another, and the size of the
dataset does not seem to impact results positively.
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Fig. 8: Visualization of correlation and segmentation obtained with different
embeddings of DINO: query, key and value. The predicted prompts are: sky, tree, train,
ground, fence, grass.

A.2 Self-supervised features discussion

We present in Fig. 8 visualizations of correlation obtained using different DINO
embeddings extracted from DINO’s last attention layer, namely ‘query’, ‘key’
and ‘value’. Most unsupervised localization methods [15,16,18,19] use the ‘key’
embeddings which allow the easy separation of foreground from background.
However, we observed in this work that using instead the value features allows us
to separate better elements in the background, as visible in the figure. Patches in
the background correlate to fewer background patches and regions are therefore
better separated.

We also depict the final segmentation when using each type of feature, and
observe the best result with ‘value’. We observe that more objects in the back-
ground are well-segmented and labeled, e.g., ‘tree’ and ‘sky’.

A.3 Background evaluation with FOUND

We now evaluate the quality of our background filtering using the class-agnostic
foreground/background protocol defined in [16]. We report in Tab. 4 the scores
on the task of unsupervised object discovery (on VOC07 [6], VOC12 [7] and
COCO20k [8] datasets with CorLoc metric) and unsupervised saliency detection
in the ‘multi’ setup of [16] (all results are provided when using post-processing
bilateral solver on the classic DUT-OMRON [22], DUTS-TEST [17] and EC-
SSD [12] datasets, with the mIoU metric). For more details on the evaluation
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Single obj. discovery Unsup. saliency detection

Method VOC7 VOC12 C20k DUT-O. DUTS-T. ECSSD

FOUND [16] 72.5 76.1 62.9 60.8 65.4 80.5
ours 73.1 75.9 64.4 60.6 66.6 81.3

Table 4: Results of single object discovery and unsupervised saliency detec-
tion obtained when following FOUND [16] protocol. We compute the single object dis-
covery scores on classic VOC benchmarks [7] and 20k images of COCO (noted ‘C20k’)
following [16] and use the CorLoc metric. We report the mIoU metric for unsupervised
saliency detection and provide all results with the post-processing bilateral solver. We
note ‘DUT-O.’ DUT-OMRON [22] and ‘DUTS-T.’ stands for DUTS-TEST [17].

setup, we refer to [16]. On both tasks, we observe on par or even better results
than [16], therefore showing the quality of our foreground predictions learnt from
CLIP.

B Details on the methods compared

We detail in Tab. 5 the additional datasets used by baseline methods to train
their models if they use any. CLIP-DINOiser requires a significantly smaller
amount of data for training than other methods; it needs only 1k images ran-
domly sampled from ImageNet.

Methods Extra data

MaskCLIP+ [23] Target dataset
NamedMask [14] ImageNet(1.2M)+Target dataset
ReCo [13] ImageNet(1.2M)
GroupViT [20] CC12M [3]+RedCaps [5]
ZeroSeg [4] ImageNet(1.2M)+CC12M [3]
SegCLIP [9] CC3M [11]+COCO(400k)
TCL [2] CC12M [3]+CC3M [11]
CLIPpy [10] HQITP-134M [10]
OVSegmentor [21] CC4M [21]

CLIP-DINOiser ImageNet (random 1k images)

Table 5: Details on additional data required for training.

C More qualitative results

In this section, we illustrate the benefits of our method through additional com-
parative qualitative results.
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Fig. 9: Visual ablations of the impact of our pooling method. Examples from
ADE20K (top), PASCAL Context (middle), and Cityscapes (bottom) datasets.

C.1 Visual ablations

Our spatial pooling. We show more examples of the application of our method
CLIP-DINOiser and compare it to MaskCLIP results in Fig. 9. We observe that
in all cases, our pooling reduces the noise in the predictions and helps produce
good-quality segmentation.
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Fig. 10: Visual ablations of the impact of background detection. We show
examples from COCO Object (top, middle) and PASCAL VOC (bottom). We note
with ‘bkg’ our background refinement.
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