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1. The proposed ImageNet-bg
To further evaluate the robustness of out-of-distribution
(OOD) detectors against background interference, we pro-
pose a new OOD test set ImageNet-Bg, derived from the
original ImageNet validation set, containing 48,285 images.
This dataset is created by removing all the in-distribution
(ID)-related content from the samples in the ImageNet val-
idation set, by Eq.(2) from the main paper. This method en-
sures that the resulting images primarily feature background
elements rather than identifiable objects. Fig. 1 presents
several representative examples from ImageNet-Bg.

However, the images with ID regions removed using
only Eq.(2) from the main paper still present several issues:
(1) Some images appear unnatural after the ID-related ar-
eas are removed, and (2) ID-related regions are not entirely
eliminated, leading to the retention of some residual ID in-
formation. Several problematic examples from ImageNet-
Bg are illustrated in Fig. 2. To address these issues, we
apply additional filtering criteria based on Eq.(3) from the
main paper to further refine the dataset. This filtering pro-
cess creates the ImageNet-Bg(S) test set, which contains
24,863 images that primarily feature clearer background
information, thereby reducing any residual ID-related el-
ements. Consequently, ImageNet-Bg(S) includes fewer
problematic cases shown in Fig. 2 and includes more im-
ages like those illustrated in Fig. 1.

Nonetheless, since we filter images based on CLIP re-
sponses, some cases that are not problematic but prone to
shortcuts have also been excluded from ImageNet-Bg(S).
Therefore, we recommend using both ImageNet-Bg(S) and
ImageNet-Bg to thoroughly evaluate the model’s robustness
against background interference.

2. Experimental Setting
2.1. Descriptions of datasets

2.1.1 ID Dataset

We utilize ImageNet-1k [3] as ID dataset, which comprises
1,000 categories with 1,281,167 training images and 50,000
images for validation. For few-shot settings, we employ
1, 2, 4, 8, and 16 shots per class for training. For evalua-
tion, we use the ImageNet validation dataset, consisting of
50,000 images across 1,000 classes.

2.1.2 OOD Dataset

Following the setting from [5], we use the commonly used
iNaturalist [15], Places [21], SUN [16] and Texture [2]

as OOD datasets. Besides, we also use our proposed
ImageNet-Bg and ImageNet-Bg(S) as OOD datasets. Ad-
ditional details about these datasets are provided below.
iNaturalist. iNaturalist [15] is a large-scale dataset of real-
world nature images, including 859,000 images of plants
and animals across more than 5,000 species. For our evalu-
ation, we use the subset of 10,000 images from 110 classes
that do not overlap with ImageNet-1K.
SUN. SUN [16] is a large-scale scene dataset with various
scene images across 397 categories. For our evaluation, we
utilize a subset of 10,000 images from 50 classes that do not
overlap those classes in ImageNet-1K.
Places. Similar to SUN dataset, Places [21] is also a com-
prehensive scene dataset. For our evaluation, we use a sub-
set of 10,000 images from 50 categories, ensuring no over-
lap with ImageNet-1K.
Texture. The Describable Textures Dataset [2] includes
5,640 texture images across 47 distinct classes. The entire
dataset is utilized for evaluation.
ImageNet-Bg. ImageNet-Bg is a synthetic background in-
terference OOD test set containing 48,285 background im-
ages. The images in this dataset are generated by inpainting
models. This process involves removing ID-related infor-
mation from the images in the ImageNet validation set and
inpainting the ID regions with background information.
ImageNet-Bg(S). ImageNet-Bg(S) is a synthetic back-
ground interference OOD test set sampled from ImageNet-
Bg, containing 24,863 images. Compared to ImageNet-Bg,
the images in ImageNet-Bg(S) feature cleaner and more
natural backgrounds with less ID information.

2.2. Implementation Details

To obtain the mask for the ID-related areas, which will
be inpainted with background information, we utilize the
Grounded SAM model [12]. For the inpainting process, we
use the LaMa model [14]. For the learnable modules, we
incorporate 16 learnable parameters following CoOp [22]
to fine-tune CLIP for the OOD detection task. All learnable
modules are trained for 50 epochs using the SGD optimizer
with a learning rate of 2e-3. We utilize a cosine learning
rate scheduler with a constant warmup period, where the
warmup epoch is set to 1 and the initial warmup learning
rate is 1e-5. The batch size is set to 32. For the hyper-
parameters, we set the similarity threshold ϵ to 5, which
filters out 50% of the samples. λr

out to 1.5 and λg
out and

0.5 respectively. Additionally, for all experiments involving
ID augmentation, we set the number of epochs to 20. The
main experiments were implemented using PyTorch on an
NVIDIA RTX 4090 with 24 GB of memory.
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