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A. Detailed Related Works

A.1. Image-Level OOD Detection

Traditional Image-Level OOD Detection. Early methods
in image-level OOD detection primarily relied on backbones
based on traditional deep neural networks, such as Convo-
lutional Neural Networks (CNNs) trained on the entire in-
distribution (ID) data to identify out-of-distribution (OOD)
samples. These methods can be broadly categorized into sev-
eral paradigms. Confidence-based methods utilize the maxi-
mum softmax probability [14] or maximum logit scores [15]
as indicators of sample normality, with energy-based ap-
proaches [27] demonstrating improved robustness against
overconfidence. Recent advances include logit normaliza-
tion [44] and generalized entropy methods [28] that better
calibrate model predictions. Distance-based approaches
measure the distance between test samples and ID class
prototypes in feature space, with the Mahalanobis distance
method [22] serving as a foundational approach. K-nearest
neighbor (KNN) methods [41] have gained prominence for
their distribution-free nature, while hyperspherical embed-
dings [32] and mixture of prototypes [29] provide more
flexible density estimation. Reconstruction-based methods
leverage generative models to detect OOD samples, with
recent work exploring masked image modeling [23] and dif-
fusion models [12, 13] for improved reconstruction quality.
Self-supervised and contrastive learning approaches [40, 42]
learn representations that naturally separate ID from OOD
data by optimizing for class discrimination, with supervised
contrastive learning proving particularly effective when com-
bined with distance-based methods. Additionally, some
methods have explored the use of auxiliary synthetic outlier
samples [9] and ensemble strategies [52] to enhance OOD
detection performance. While these traditional methods have
demonstrated good performance, they typically require train-
ing on the entire ID dataset and often struggle with hard
OOD detection cases, as CNNs are significantly less capable
than vision-language models (VLMs).

Zero-Shot VLM-Based Image-Level OOD Detection. The
advent of VLMs, particularly CLIP [38], has revolutionized
OOD detection by enabling zero-shot transfer capabilities.
CLIP’s joint vision—language embedding space, pre-trained
on hundreds of millions of image—text pairs, provides rich
semantic representations that can be leveraged for OOD de-
tection without task-specific training. Multiple recent works
have explored this paradigm [11]. MCM [31] proposes
Maximum Concept Matching, a zero-shot OOD detection
method that characterizes OOD uncertainty by measuring
the softmax-scaled cosine similarity between visual features
and textual concept prototypes of ID classes in CLIP’s joint
embedding space. GL-MCM [34] extends this by incorporat-
ing both global and local features. NegLabel [ 18] proposes
using negative labels to better calibrate OOD scores. Despite

their impressive zero-shot capabilities, these methods often
underperform compared to methods that can adapt to specific
ID distributions through few-shot learning.

Few-Shot VLM-Based Image-Level OOD Detection. To
bridge the gap between zero-shot generalization and task-
specific performance, recent works have focused on adapting
VLMs using only a few labeled ID samples. This few-shot
paradigm is particularly relevant for practical applications
of OOD detection, where a limited number of labeled ID
data is available. CoOp [59] pioneered this direction by in-
troducing learnable prompt tokens that are optimized using
few-shot ID samples, allowing the text encoder to better
align with the specific ID classes. LoCoOp [33] extends
CoOp by introducing local regularization for OOD detec-
tion: it treats ID-irrelevant local CLIP features, such as
nuisance background regions, as OOD-like features during
training and pushes them away from ID class text embed-
dings, thereby improving ID and OOD separation. PLOT [2]
learns multiple comprehensive prompts to describe diverse
characteristics of categories and applies optimal transport
to align local visual features with multiple textual prompts
via the Sinkhorn algorithm, achieving fine-grained cross-
modal matching. More recent advances have incorporated
additional mechanisms for improved OOD detection per-
formance. GalLoP [21] learns multiple diverse prompts
leveraging both global and local visual features, using a
sparsity strategy for local feature selection and a prompt
dropout technique to encourage diversity among prompts.
DPM-T [56] proposes Dual-Pattern Matching that leverages
both textual and visual ID patterns for OOD detection, stor-
ing ID class-wise text features as the textual pattern and
aggregated ID visual information as the visual pattern, and
further extends this with lightweight prompt learning adap-
tation. SCT [54] proposes Self-Calibrated Tuning, which
introduces modulating factors into the learning objective to
dynamically adjust the importance of OOD regularization
based on prediction uncertainty during prompt tuning, miti-
gating the negative effect of spurious OOD features extracted
from ID data. LSN [36] and NegPrompt [24] both explic-
itly explore the trainable negative and positive text prompts,
which helps to further boost the OOD detection performance.
ID-like [1] introduces a novel perspective by training the
model to recognize OOD samples that appear similar to ID
classes, thereby explicitly modeling the decision boundary.

While these few-shot methods have achieved significant
improvements over zero-shot approaches, they still only
focus on image-level features and do not explicitly address
challenges that arise when directly adapting these techniques
to object-level OOD detection, where multiple objects may
coexist in a single image with varying levels of context
information.



A.2. Object-Level OOD Detection

Object-level OOD detection extends the formulation of
image-level OOD detection to the more challenging task of
identifying unknown objects within complex scenes where
multiple objects coexist. Unlike image-level detection,
which provides a single decision for the entire image, object-
level OOD detection must simultaneously localize objects
and determine whether each detected object belongs to ID
or OOD. This task is particularly crucial for safety-critical
applications such as autonomous driving and robotics, where
encountering unknown objects is inevitable in open-world
environments.

Traditional Object-Level OOD Detection. Early meth-
ods for object-level OOD detection are primarily built upon
backbone models based on CNNs, adapting techniques from
image-level OOD detection while addressing unique chal-
lenges posed by the object detection framework. These ap-
proaches can be broadly categorized based on their training
strategies and uncertainty modeling techniques.

One prominent direction focuses on synthesizing vir-
tual outliers to provide supervision signals for unknown
objects during training. VOS [8] pioneered this approach
by adaptively sampling virtual outliers from low-likelihood
regions of the class-conditional distribution in feature space,
introducing an unknown-aware training objective that con-
trastively shapes the uncertainty space between ID and syn-
thesized OOD data. Building upon distance-based methods,
SIREN [7] proposes a framework that shapes representations
into von Mises-Fisher (vMF) distributions on the unit hyper-
sphere, enabling both parametric and non-parametric OOD
scoring functions, which demonstrates strong performance
across multiple benchmarks.

Another line of work explores leveraging additional
model components or features to improve OOD detection
performance. SAFE [45] introduces a post-hoc approach
that identifies sensitivity-aware features from residual con-
volutional layers with batch normalization, training a mul-
tilayer perceptron on the surrogate task of distinguishing
adversarially perturbed from clean ID examples without re-
quiring actual OOD training data or retraining of the base
detector. SR-VAE [46] employs a Structure-Enhanced Re-
current Variational AutoEncoder with dedicated recurrent
VAE branches, utilizing Laplacian of Gaussian operators to
enhance structural information for improved object localiza-
tion in object-level OOD detection.

More recent approaches focus on addressing the fun-
damental challenge of lacking OOD objects’ informa-
tion through innovative information modeling strategies.
TIB [47] proposes a Two-Stream Information Bottleneck
consisting of a standard information bottleneck for disen-
tangling instance representations and a dedicated Reverse
Information Bottleneck (RIB) to synthesize simulative OOD
features, mitigating the impact of absent OOD samples. The

PCA-driven method [50] utilizes Principal Component Anal-
ysis (PCA) to extract dynamic prototypes from residual prin-
cipal components, employing contrastive learning to enlarge
the semantic gap between features of OOD and ID samples.
DFDD [49] explores deep feature deblurring via diffusion for
robust object-level OOD detection. Most recently, WES [48]
advances the field by proposing a World Feature Simulation,
with components for multi-level perception, memory, and
imagination or unknown-feature generation.

Beyond the above strategies, prototype-based and context-
leveraging methods have emerged as complementary direc-
tions for object-level OOD detection. Proto-OOD [3] intro-
duces a prototype-based detection framework that leverages
contrastive loss to enhance the representativeness of per-
class prototypes and employs a similarity module to evaluate
how closely each detected object’s features align with these
prototypes. A negative embedding generator is used during
training to synthesize pseudo-OOD features for the similar-
ity module, enabling effective ID and OOD discrimination
without requiring real OOD data. Additionally, Situation
Monitor [37] proposes a diversity-driven zero-shot OOD de-
tection approach specifically targeting transformer-based ob-
ject detectors. By integrating a diversity loss into a budding
ensemble architecture, the method captures prediction dis-
agreement between ensemble branches as an uncertainty sig-
nal, thereby identifying far-OOD samples while minimizing
false positives on near-OOD instances. This ensemble-based
uncertainty estimation provides a complementary perspec-
tive to single-model OOD scoring.

Despite their effectiveness, these traditional methods re-
quire full training on the entire ID dataset, often involving
complex modifications to the detector architecture or train-
ing procedures. Moreover, they are fundamentally limited
by the closed-set assumption and the restricted capability of
CNNs compared with VLMs.

Generative-Consistency Object-Level OOD Detection. A
recent and promising direction leverages pre-trained gen-
erative models to detect OOD objects by measuring recon-
struction or synthesis consistency rather than relying solely
on discriminative representations. RONIN [35] proposes a
zero-shot framework that exploits contextual scene informa-
tion through class-conditioned inpainting using an off-the-
shelf text-to-image diffusion model (e.g., Stable Diffusion).
Given a detected object’s bounding box and the predicted ID
class label, the object is removed and regenerated via class-
conditioned inpainting. For ID objects, the inpainted result
closely resembles the original, whereas for OOD objects,
the mismatch is significant. This reconstruction error thus
serves as a discriminative OOD indicator. Notably, RONIN
requires no additional training on ID data, operating entirely
in a zero-shot manner by leveraging the generative prior’s
understanding of object-context relationships.

In a complementary direction, SyncOOD [26] addresses



the chronic shortage of OOD training data by proposing an
automated data curation pipeline that uses multiple founda-
tion models in concert. Specifically, it employs a large lan-
guage model to discover semantically novel object concepts,
then uses Stable Diffusion to inpaint these novel objects into
existing ID scenes, and finally applies the Segment Anything
Model (SAM) [19] for annotation and visual filtering. The
resulting synthetic OOD data is used to train a lightweight,
plug-and-play binary OOD classifier on top of a frozen ob-
ject detector, enabling effective ID/OOD decision boundary
optimization with minimal synthetic data.

VLM-Based Object-Level OOD Detection. The emer-
gence of VLMs has opened new possibilities for object-level
OQOD detection. RUNA [55] represents the first and only
work to adapt CLIP, one of the most popular VLMs, for
object-level OOD detection through few-shot learning. The
method introduces a regional uncertainty alignment frame-
work that fine-tunes a regional image encoder with only
10-shot ID samples, leveraging the rich semantic knowl-
edge from CLIP’s vision—language pre-training. By adapt-
ing CLIP’s multi-modal representations to the object-level
detection task, RUNA achieves substantial improvements
over traditional methods while requiring significantly less
training data.

Despite these advancements, RUNA still exhibits mul-
tiple fundamental drawbacks. The first one is due to the
exclusive reliance on the [CLS] embedding of the CLIP
image encoder. To understand it more concretely, consider
RUNA’s regional encoder design. For each detected ob-
ject, RUNA crops the bounding box region and processes it
through CLIP’s image encoder, extracting only the [CLS]
embedding as the object representation [55]. While [CLS]
embedding provides a summary of the object, it only aggre-
gates information across all locations, thereby discarding
the fine-grained visual details that may be encoded in patch
output embeddings. This aggregation becomes particularly
problematic for challenging cases: small objects where lim-
ited pixels provide insufficient information after cropping
and resizing; heavily occluded objects where only partial
visual evidence remains visible; and visually similar object
pairs (e.g., bus vs. truck) where subtle structural differences,
precisely the information lost in [CLS] embedding, deter-
mine the correct OOD decision for objects. The Vision
Transformer (ViT) [6] in CLIP image encoder explicitly pre-
serves these fine-grained visual details in its patch output
embeddings, yet RUNA’s exclusive reliance on the [CLS]
embedding leaves these rich representations untouched, lim-
iting its ability to handle hard OOD detection cases.

The second limitation manifests in RUNA’s strategy for
background processing. To incorporate contextual informa-
tion, RUNA applies a Gaussian blur to the entire background
in a unified way, then extracts the [CLS] embedding based
on this blurred image as the background representation [55].

However, this approach conflates a challenge: identifying
which background regions contain relevant spurious cues
to the object. By extracting only the [CLS] embedding,
RUNA yet again takes a simple summary of the entire back-
ground with a Gaussian blur. This approach fails when
semantically relevant context appears only in certain regions
of the background: a forest background that distinguishes
wolves from huskies, or urban infrastructure that separates
buses from trucks.

B. Dataset Information

In this section, we provide comprehensive information on
all datasets used in our experiments for both object- and
image-level OOD detection.

B.1. Object-level OOD Detection Datasets

For object-level OOD detection, we follow the popular ex-
perimental setup in RUNA [55]. We provide details of each
dataset used in this task in the subsequent paragraphs.
PASCAL-VOC. The PASCAL Visual Object Classes
(VOC) [10] dataset is a widely-used benchmark for object
detection tasks. It contains 20 object categories, including
common objects such as person, car, bicycle, and various an-
imals. The combined dataset contains approximately 16,551
training images and 4,952 validation images. Each image is
annotated with bounding boxes for multiple objects, mak-
ing it suitable for training and evaluating object-level OOD
detection methods.

BDD-100k. The Berkeley Deep Drive dataset (BDD-
100k) [53] is a large-scale, diverse driving dataset designed
for heterogeneous multitask learning. It contains 100,000
video sequences with diverse driving scenarios captured un-
der various weather conditions, times of day, and locations
across the United States. For object detection, BDD-100k
includes 10 object categories commonly encountered in au-
tonomous driving scenarios: car, bus, person, bike, truck,
motor, train, rider, traffic light, and traffic sign. The dataset
provides 69,853 images for training and 10,000 images for
validation. The diversity of BDD-100k, with varying light-
ing conditions, occlusions, and object scales, makes it ideal
for object-level OOD detection.

MS-COCO. The Microsoft Common Objects in Context
(MS-COCO) [25] dataset is a large-scale object detection,
segmentation, and captioning dataset containing 80 object
categories. The dataset comprises 118,287 training images,
5,000 validation images, and over 40,000 test images. We
adopt the dataset setup from RUNA [55] and VOS [8], which
carefully select object categories from MS-COCO that do
not overlap with the corresponding ID dataset (PASCAL-
VOC or BDD-100k) to serve as OOD samples. Specifically,
when PASCAL-VOC is used as the ID dataset, we exclude
the 20 overlapping categories from MS-COCO and use the
remaining 60 categories as OOD. When BDD-100k is the



ID dataset, we exclude the 10 overlapping categories and
use the remaining 70 categories as OOD. This ensures a
clear separation between ID and OOD distributions during
evaluation.

Openlmages. Openlmages [20] is a large-scale dataset
containing approximately 9 million images annotated with
image-level labels, object bounding boxes, visual relation-
ships, and localized narratives. The object detection subset
contains 600 object categories with 1.9 million images for
training and 125,000 images for validation. Similar to MS-
COCO, we adopt the dataset setup from RUNA [55] and
VOS [8], and select categories from Openlmages that do not
overlap with the ID categories. When PASCAL-VOC is used
as ID, we exclude the 20 overlapping categories from Open-
Images’ 600 categories. When BDD-100k is used as ID, we
exclude the 10 overlapping categories and use the remaining
categories as OOD. The diversity and large number of cate-
gories in Openlmages provide a comprehensive evaluation
of the model’s ability to detect various OOD objects.

B.2. Image-level OOD Detection Datasets

For image-level OOD detection, we follow the popular ex-
perimental setup as in ID-like [1], using ImageNet-1k as the
ID dataset and evaluating on multiple OOD datasets.
ImageNet-1k. ImageNet [5] is one of the most widely used
large-scale image classification datasets, containing 1,000
object categories with approximately 1.28 million training
images and 50,000 validation images. The dataset covers a
diverse range of object categories, including animals, vehi-
cles, household objects, and natural scenes. The large num-
ber of categories and diverse visual content in ImageNet-1k
make it an ideal benchmark for evaluating OOD detection
methods in realistic scenarios.

Following the protocol established in [1, 16, 31], we use
four OOD datasets where the categories do not overlap with
ImageNet-1k classes. Below, we provide detailed descrip-
tions of each OOD dataset.
iNaturalist. The iNaturalist dataset [43] is a large-scale
species classification dataset containing images of various
plants and animals collected from the natural world. It in-
cludes 13 super-categories (such as Plantae, Insecta, Aves,
Mammalia, etc.) with 5,089 fine-grained sub-categories. For
OQD evaluation, following [1, 16], we use a carefully cu-
rated subset containing 110 species categories that do not
overlap with ImageNet-1k. These categories primarily con-
sist of plant species and less common animal species that
are not present in ImageNet-1k, providing a semantically
related but distributionally different test set for evaluating
OOD detection performance. The total number of images in
this OOD set is approximately 10,000.

PLACES. Places365 (PLACES) [57] is a large-scale scene
recognition dataset containing 1.8 million training images
from 365 scene categories. The categories cover a wide range

of indoor, urban, and natural environments, including offices,
restaurants, streets, forests, and beaches. Unlike ImageNet-
1k, which focuses primarily on objects, PLACES emphasizes
scene-level understanding, making it a challenging OOD
dataset. Following [1, 16], we use a subset of 50 scene
categories that do not overlap with ImageNet-1k’s object
categories. This subset contains approximately 10,000 im-
ages and represents a significant semantic shift from object-
centric to scene-centric images, testing the model’s ability
to detect OOD samples with different visual characteristics.
TEXTURE. The Describable Textures Dataset (TEX-
TURE) [4] contains images of textures and patterns in the
wild. It consists of 5,640 images organized into 47 texture
categories such as banded, bubbly, chequered, flecked, mar-
bled, and zigzagged. Unlike object-centric datasets, TEX-
TURE focuses on local texture patterns rather than global
object semantics. Since none of the texture categories over-
lap with ImageNet-1k’s object categories, we use the entire
dataset as the OOD set for evaluation. The texture-based
nature of this dataset provides a unique challenge for OOD
detection, as the model must distinguish between object-
centric ID images and texture-centric OOD images.

SUN. The Scene UNderstanding (SUN) dataset [51] is a
comprehensive scene recognition dataset containing 899
scene categories with over 130,000 images. The categories
encompass a wide variety of indoor, urban, and natural envi-
ronments, with some categories including human activities.
Following [1, 16], we use a subset of 50 categories that
do not overlap with ImageNet-1k’s object categories. This
subset contains approximately 10,000 images. Similar to
PLACES, SUN represents a scene-centric distribution that
differs from ImageNet-1k’s object-centric nature, but with
a more diverse range of scene types, including scenes with
and without human presence, which provides an additional
challenge for OOD detection methods.

Table 5 summarizes the key statistics of all datasets used
in our experiments of object- and image-level OOD detec-
tion tasks, including the number of categories and images
available for both training and testing or validation. Please
note that for VLM-based methods, the total number of train-
ing samples is not the real number of samples used in the
few-shot fine-tuning stage, but the size of the pool where the
few-shot samples are randomly drawn from. This provides
a comprehensive overview of the scale and diversity of our
experimental evaluation.

C. Implementation Details

In this section, we provide detailed information on our im-
plementations, encompassing both hardware and software
components. We implement our framework using PyTorch
2.8.0 in Python 3.11. By default, all experiments are exe-
cuted on a four-GPU NVIDIA RTX 5090 workstation. To
assess the efficiency and scalability of our method in a more



Table 5. Summary statistics of datasets used in our experiments.
Note that for object-level OOD detection, the number of OOD
categories and samples varies depending on whether PASCAL-
VOC or BDD-100k is used as the ID dataset. “X/Y” numbers
for MS-COCO and Openlmages datasets denote the number of
categories/samples used when PASCAL-VOC and BDD-100k are
ID datasets, respectively. Also, the number of training images for
either object-level or image-level OOD detection is not the real
number of few-shot samples used in the few-shot fine-tuning stage
for VLM-based methods, but the total size of the pool from which
the few-shot fine-tuning samples are randomly drawn.

Dataset Role Categories Train Test/Val
Object-level OOD Detection
PASCAL-VOC ID 20 16,551 4,952 (Val)
BDD-100k ID 10 69,853 10,000 (Val)

MS-COCO OO0D 60/70 -
Openlmages OOD  580/590 -

930/1,761 (Test)
1,880/1,761 (Test)

Image-level OOD Detection

ImageNet-1k ID 1,000 1,281,167 50,000 (Val)
iNaturalist 00D 110 - 10,000 (Test)
PLACES OOD 50 - 10,000 (Test)
TEXTURE 00D 47 - 5,640 (Test)
SUN OOD 50 - 10,000 (Test)

accessible hardware environment, we additionally evaluate
it using a GPU workstation with a single NVIDIA RTX
3090 GPU. For the few-shot learning setup in object-level
OOD detection, we adopt the settings in RUNA [55] and
use 10-shot for a fair comparison. For the few-shot learning
setup in image-level OOD detection, we adopt the settings
in ID-like [1] and use 16-shot for a fair comparison. We
also use OWLv2 [30] as the object detector for all methods
(including competing methods and our proposed method).
To optimize the CNNs and MLPs in the combiner module
of our framework, we use a batch size of 256 with 100
epochs based on the AdamW optimizer at a learning rate
of 5 x 1075 for few-shot fine-tuning on object-level OOD
detection task, and a batch size of 128 with 100 epochs based
on the AdamW optimizer at a learning rate of 5 x 10~ for
few-shot fine-tuning on image-level OOD detection task.

D. Supplementary Results

D.1. Heatmap Visualization of Our Weights
fi () B; () for Background Image

As illustrated in Section 3.3, we introduce two sets of
weights: inter-image attention {3 '( ) Z o and text—vision

alignment {Mi,(x)}i:o’ which capture two complementary
spurious cues in the background image: (i) the inter-visual
relevance between representation of target object image I,
and the visual features of background image I, and (ii)
the alignment between the visual appearance and textual
descriptions of background. These background features con-

tain potential spurious cues related to the target object I,
which provide informative context for both object-level and
image-level OOD detection.

In this section, we present additional qualitative analysis
on our proposed weights /u; () Bjnzi , for the background in
our method via heatmap visualizations based on object-level
OOD detection tasks, as shown in Figure 3. Specifically,
we provide heatmap visualization for each 1nd1v1dual set of
weights: inter-image attention ﬁ;‘:}i ) and text-vision align-
6%“& ) in
background image. It could be observed that weights 6 ime ()
and pu; () are effectively assigned to higher values for differ-
ent patches of the background image that contains potential
spurious cues, which provide complementary contextual in-
formation that contributes to capture more potential spurious
cues related to target object when used together (e.g., con-
tainer and other fruits/vegetables in background for potato
as the target object). Also, it shows that both sets of weights
ﬁlnéi , and p1;, () would be low for the masked out region,
which is the original location of the target object. Therefore,
the patch embeddings of the background image combined
by our weight “i,(m)ﬁfi ) supply useful spurious cues from
the background for the target object and thereby contribute
to a better OOD detection performance.

ment fi; (), as well as the combined weights p; (,

img

D.2. Heatmap Visualization of Our Weights 1, . 3,’;
for Target Object Image

As illustrated in Section 3.2, we introduce two sets of
weights: intra-image attention {ﬁlmg N, and text—vision
alignment {Mz,w}i=0s which capture two complementary
fine-grained visual cues in the target object image: (i) the
intra-visual relevance between the holistic representation
and local spatial details of I, and (ii) the alignment between
the visual appearance and textual description of the target
object z. These target object features contain fine-grained
representations of target object I, which is essential for
both object-level and image-level OOD detection.

In this section, we provide additional qualitative analysis
on our proposed weight p; .3, for the target object image
in our method via heatmap Vlsuahzatlons based on object-
level OOD detection tasks, as shown in Figure 4. Specifi-
cally, we provide heatmap visualization for each individual

set of weights: intra-image attention 6lmg and text—vision

alignment /; ., as well as the combined weights f; ﬂlmg

1mg

in target object image. It could be observed that both 3;
and p; , receive higher values for different patches of the
target object image that contains fine-grained visual details,
which provide complementary contextual information that
contributes to capture more fine-grained visual semantics of
target object when used together (e.g., neck (with dominant
skin patterns) and antlers (with unique shape and structure)
of giraffe). Therefore, the patch embeddings of the target
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Figure 3. Heatmap visualizations of our weights f1; () ﬂi.“zgx ) on background image. In each column, we display the target object image, the

img

corresponding background image, heatmap visualization of our proposed infer-image attention weights 3; () heatmap visualization of our

proposed text—vision alignment weights p; (5, and heatmap visualization of our proposed combined weights 1; (4) Bi"‘(gz ) for each patch

embedding of the background image, from top to bottom, respectively.

object image combined by our weights Mi,zﬂ;?;g supply fine-
grained visual semantics for the target object and contribute
to a better OOD detection performance.

D.3. Heatmap Visualization of Our Inzer-Text At-
tention w;,

In this section, we provide a further analysis of our infer-text
attention w“”‘t based on object-level OOD detection tasks,
shown in Flgure 5. It is observed that our inter-text attention
wte,’“ would naturally assign higher weights to objects in the
background image that are semantically closer to the target
object (e.g., Person & Cow, Chair & Sofa, TV & Person,
etc.), which is especially helpful to combine text embeddings
of all objects in background into a single text embedding
that captures the holistic textual semantics of background
explaining multiple objects based on their relevance to the

target objects in textual semantics.

D.4. ID Classification Accuracy

We also evaluate the classification accuracy on ID data when
using our proposed method for the image-level OOD detec-
tion task, as shown in Table 6. This provides crucial insights
into the balance between ID classification and OOD detec-
tion performance. It shows that our method is able to beat
GalLoP, the former best method in ID classification accuracy,
as we specifically introduce weights to optimally combine
the [CLS] and patch output embeddings of target object
image and background image, which help to capture more
fine-grained visual details in the target object image and
relevant spurious cues in the background image, respectively.
Those combined representations provide more contextual
information, which is beneficial to the classification perfor-
mance on the ID dataset.
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Figure 4. Heatmap visualizations of our weights z4; ﬁing on target object image. In each column, we display the target object image,
heatmap visualization of our proposed intra-image attention weights Bing, heatmap visualization of our proposed text—vision alignment
weights p; ., and the heatmap visualization of our proposed combined weights fi; B;'?f for each patch embedding of the target object image,

from top to bottom, respectively.
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background image, and a heatmap visualization of our infer-text attention wf?“z for the objects in the background image, from top to bottom,

respectively.

Figure 5. Heatmap visualization of our inter-text attention w‘e"fx. In each column, we show the target object image, the corresponding

D.5. The Impact of the Object Detector

In the experiments, we use OWLvV2 [30] as the object detec-
tor for all methods, including both object-level competing



Table 6. Top-1 classification accuracy (1) on ImageNet-1k (ID
dataset). Results with { are taken from [54]. Bold and underlined
numbers represent best and second-best results, respectively.

Method Top-1 Accuracy (1) on ID dataset
CoOp' [59] 71.93
PLOT [2] 72.60
LoCoOp' [33] 71.43
GalLoP [21] 75.10
DPM-T [56] 72.10
SCT' [54] 71.77
LSN' [36] 71.93
ID-like" [1] 71.04
NegPrompt [24] 72.10
Ours 75.65+0.19

methods and our proposed method, to ensure a fair compari-
son of performance. In this subsection, we present additional
results on the impact of the object detector on image-level
OOD detection methods and on the robustness of our pro-
posed method to different types of object detector errors.
Impact of the object detector on image-level OOD detec-
tion methods. We present the performance comparison of
SOTA image-level OOD detection methods with (W/) and
without (W/o) the object detector together with our proposed
method in Table 7. It could be observed that the object de-
tector only slightly improves the performance of the SOTA
image-level baselines, whereas our method still consistently
achieves the best performance. This is because our proposed
method explicitly models complementary cues from the ob-
ject and background views by cross-context reasoning.

Table 7. Average AUROC (1) scores for SOTA Image-level OOD
detection methods with (W/) and without (W/o) object detector
based on four test cases of image-level OOD detection tasks with
ImageNet-1k as ID dataset. Bold numbers represent the best results.

Config. DPM-T [56] NegPrompt [24] SCT [54] Ours
W/o detector  95.72+0.20 94.8140.27 93.124+0.31 N/A
W/ detector  95.86+40.25 94.98+0.27 93.254029 96.83+0.15

Robustness of our proposed method to different types of
object detector errors. To assess the robustness of our pro-
posed method to errors from the object detector results, we
consider multiple types of errors, including missed objects
by randomly dropping detected object boxes, false positives
by adding random boxes to the detection results, and local-
ization noise by perturbing detected object box coordinates.
Table 8 shows that our proposed method remains robust
to different types of object detector errors: our proposed
method, with certain object detector errors (10% or 20%),
still outperforms SOTA object-level OOD detection methods
with perfect object detector output (0%).

Table 8. Average AUROC (1) scores for our proposed method with
different types of object detector errors based on four test cases
(BDD-100k—Openlmages, BDD-100k—MS-COCO, PASCAL-
VOC—Openlmages, and PASCAL-VOC—MS-COCO) of object-
level OOD detection tasks. Percentages indicate the error rate
applied in each row.

Detector error type  Ours (10%) Ours (20%) RUNA [55] (0%) WES [48] (0%)

Missed objects rate 95.8440.11 95.3940.18  94.55+0.31 91.94+40.35
False positive rate 95.9340.15 95.524+024  94.55+031 91.9440.35
Localization noise rate 96.05+0.17 95.774+0.25  94.55+0.31 91.9440.35

D.6. Computational Complexity and Memory Us-
age Analysis

In this subsection, we present the computational complex-
ity and memory usage analysis of our proposed method in
the inference phase, including the scalability with respect
to the number of detected objects and inference efficiency
comparison with other competing approaches.

Scalability with respect to the number of detected objects.
Table 9 shows that our proposed method scales efficiently
in both computational complexity and memory usage. For
memory, our method requires only ~6 GB for five-object
scenes, which is well within typical GPU capacity. Regard-
ing computational complexity, our method requires only
~111 GFLOPs for five-object scenes. For reference, this
translates to ~24 FPS on a popular RTX 3090 GPU, which
is suitable for practical deployment. Furthermore, the infer-
ence efficiency of our method can be further improved by
leveraging object batching and parallelization.

Table 9. Scalability analysis of our proposed method (with ViT-
B/16 for CLIP image encoder) based on computational complexity
(GFLOPs) and memory usage (GB) with respect to the number of
detected objects. All numbers are measured based on experiments
with the batch size set to 1.

Metric 1 obj. 2o0bj. 3o0bj. 4obj. 5obj.
Computational Complexity (GFLOPs) 382 564 746 928 1110
Memory Usage (GB) 3.0 3.8 4.5 53 6.0

Inference efficiency comparison with other competing
approaches. We compare the inference complexity of our
method against representative competing approaches for
both object- and image-level OOD detection, as summa-
rized in Table 10. For object-level OOD detection, we com-
pare against the VLM-based RUNA [55] and the traditional
CNN-based WES [48]. For image-level OOD detection,
we compare against DPM-T [56] and NegPrompt [24]. All
VLM-based methods use CLIP (ViT-B/16) as the backbone,
and the cost of the OWLV2 object detector is excluded, as
it is shared across all VLM-based methods. For traditional
methods (WFES), the detector backbone cost is included, as
OOD detection is inherently integrated into the detection



pipeline. Object-level results are reported with 3 detected
objects per image, which is representative of typical multi-
object scenes.

Among object-level methods, WFS incurs the highest
computational cost (~118.5 GFLOPs) due to its heavy Faster
R-CNN backbone with ResNet-101 and FPN, which must
process the full-resolution image. RUNA is more efficient
than WFS, benefiting from the compact CLIP encoder, but
its per-object cost (~17.7 GFLOPs per additional object)
is only marginally lower than ours (~18.2 GFLOPs per ad-
ditional object), since both methods require a full Image
Encoder forward pass for each target object. The additional
overhead of our method relative to RUNA stems from the
CNN combiners, intra-image attention processing, and in-
ter-text attention mechanisms, which collectively add only
~3.6 GFLOPs (~5.1%) for 3 objects while enabling the sub-
stantial AUROC improvements reported in Table 1. Please
note that our framework’s two identical encoder pairs share
all pretrained weights, so no additional model parameters
are loaded compared to a single CLIP encoder pair. The
marginal memory overhead arises only from intermediate ac-
tivations (patch embeddings, attention maps, and combiner
features) during the forward pass.

For image-level OOD detection, RUNA exhibits an infer-
ence efficiency pattern similar to that of object-level OOD
detection tasks, which is only slightly lower than ours. How-
ever, its image-level OOD detection performance is signif-
icantly worse than that of our proposed method (Table 2).
As for specialized methods such as NegPrompt and DPM-T,
they require only a single CLIP image encoder forward pass
and thus have lower computational cost. However, these
methods are inherently limited to image-level detection and
cannot operate on multi-object scenes. Our method requires
approximately 1.8-2.1x the GFLOPs of image-level base-
lines, because it processes both the target object and its back-
ground through separate encoder branches. This overhead
is the direct cost of enabling unified object- and image-level
OOD detection within a single framework, without prior
knowledge of the task type at inference time. Importantly,
even at 38.2 GFLOP:s for a single-object image, our method
translates to ~62 FPS on a popular RTX 3090 GPU, which
remains practical for real-time deployment.

D.7. Usage of Actual Objects in Background for
Inference

In our proposed method, we introduce an efficient strategy
that constructs a single background text embedding con-
ditioned on each target object in the input image, thereby
significantly reducing computational complexity by avoiding
the computation of all possible combinations of background
objects across the entire ID set (for full details, please see
Section 3.5). In this subsection, we present extended re-
sults on performance and inference complexity comparisons

Table 10. Inference efficiency comparison of our method with
competing approaches for object- and image-level OOD detection
tasks. Object-level results are reported with 3 detected objects per
image. All VLM-based methods use CLIP (ViT-B/16). Computa-
tional complexity is measured in GFLOPs and memory usage in
GB (batch size = 1). For VLM-based methods, OWLv2 detection
cost is excluded as it is a shared preprocessing step. For WFS,
the Faster R-CNN detector cost is included as the OOD module is
integrated.

Object-level (3 obj.)  Image-level (1 obj.)
GFLOPs Mem. (GB) GFLOPs Mem. (GB)
Object-level OOD Detection Methods

Method Type

WES [48] Trad. (full train)  118.5 5.6 N/A N/A

RUNA [55] VLM (10-shot) 71.0 4.1 35.6 2.9
Image-level OOD Detection Methods

NegPrompt [24] VLM (16-shot) N/A N/A 18.4 1.8

DPM-T [56] VLM (16-shot) N/A N/A 21.5 22

Unified Object- and Image-level OOD Detection Methods

Ours VLM (10/16-shot) ~ 74.6 45 38.2 3.0

between our efficient strategy and the exhaustive-search ap-
proach (i.e., oracle, the upper bound) in Table 11. It shows
that our proposed method achieves nearly identical perfor-
mance to the oracle upper bound while incurring an over
100x speedup in inference, making it practical for real-world
deployment.

Table 11. Average AUROC (1) scores comparison between our
proposed method and oracle (upper bound via exhaustive search-
ing) based on four test cases (BDD-100k—Openlmages, BDD-
100k—MS-COCO, PASCAL-VOC—Openlmages, and PASCAL-
VOC—MS-COCO) of object-level OOD detection tasks.

Configurations Oracle (upper bound) Ours
Average AUROC 98.49+0.16 96.44+0.18
Average inference time (ms) 5170.9 41.2

D.8. Ablation Study on the Number of Fine-tuning
Samples (shots)

Object-level OOD detection. We explore the impact of the
number of fine-tuning samples (shots) for the object-level
OOD detection task based on FPR95 scores in Figure 6.
Note that the performance numbers for traditional object-
level OOD detection methods are also provided in the figure,
represented by dashed lines. However, they always require
the entire ID dataset during the training procedure and thus
could not be applied for the few-shot fine-tuning paradigm.
Their numbers are only used as a performance reference.
We follow the setup in RUNA [55] and provide a per-
formance comparison for 1-shot, 5-shot, and 10-shot cases
in Figure 6. It is observed that our proposed method out-
performs all existing traditional object-level OOD detection



methods across all test cases, requiring orders-of-magnitude
fewer training samples. This is achieved by leveraging the
extensive knowledge from both the vision and text domains
during the pre-training stage for VLMs, such as CLIP. In
addition, the increase in the number of fine-tuning samples
also significantly further boosts the performance of our pro-
posed method across all test cases. Moreover, our proposed
method consistently outperforms RUNA in every fine-tuning
number ablation setup across all test cases in object-level
OOD detection tasks, further demonstrating the effectiveness
of our method in capturing better image representations for
both the local target object and the global background scene
in object-level OOD detection tasks.

Image-level OOD detection. In Table 2, we show that our
proposed method is the new SOTA method for the image-
level OOD detection task based on the most popular 16-shot
fine-tuning setup. In this section, we further evaluate our
method with an ablation study on the number of fine-tuning
samples for image-level OOD detection tasks, as shown in
Tables 12 and 13. In 1-shot fine-tuning, our proposed method
again demonstrates strong OOD detection performance for
image-level OOD detection tasks, securing the lead position
across all test cases. Similarly, our proposed method also
outperforms all competing methods in the 4-shot fine-tuning
setup. This study further illustrates the benefits of our pro-
posed method, which utilizes patch output embeddings in
addition to the [CLS] output embedding and the text em-
bedding that explains all objects in the background image,
together with our proposed weights, which optimally com-
bine those contextual representations together and thereby
capture fine-grained visual details of the target object and
relevant spurious cues in background for the visual domain.

Table 12. AUROC (1) scores for 1-shot image-level OOD detec-
tion results with ImageNet-1k as ID dataset. Bold and underlined
numbers represent best and second-best results, respectively.

OOD Dataset
Method

iNaturalist SUN TEXTURE PLACES

CoOp [59] 94.82 90.85 86.23 88.18

PLOT [2] 95.33 91.54 88.91 89.75

LoCoOp [33] 96.06 94.27 89.39 91.18

GalLoP [21] 96.42 93.34 89.76 90.63

DPM-T [56] 97.81 96.07 93.96 90.81

SCT [54] 95.36 94.83 88.56 91.74

ID-like [1] 96.85 89.34 90.69 86.86

NegPrompt [24] 97.93 94.75 90.80 92.54
Ours 98.24+0.09 96.31+0.16 94.53+027 92.89+0.21

D.9. Ablation Study on Different Backbones of
CLIP Image Encoder

Object-level OOD detection. Following the setup in
RUNA [55], we report the performance comparison of our

Table 13. AUROC (1) scores for 4-shot image-level OOD detec-
tion results with ImageNet-1k as ID dataset. Bold and underlined
numbers represent best and second-best results, respectively.

OOD Dataset
Method

iNaturalist SUN TEXTURE PLACES

CoOp [59] 95.72 91.79 87.24 89.11

PLOT [2] 96.03 92.21 89.60 90.45

LoCoOp [33] 96.43 94.71 89.86 91.60

GalLoP [21] 96.89 93.78 90.12 91.04

DPM-T [56] 98.65 96.50 94.48 91.50

SCT [54] 95.68 95.07 88.91 92.02

ID-like [1] 97.52 89.89 91.31 87.57

NegPrompt [24] 98.51 95.20 91.42 93.01
Ours 98.81+0.11  96.90+0.14 95384022 93.66+0.25

method with other competing approaches for the object-level
OOD detection task with ViT-B/16 backbone for the image
encoder of CLIP in Table 1. In this section, we present
a further ablation study to evaluate the impact of differ-
ent backbone configurations of the CLIP image encoder on
object-level OOD detection performance, as shown in Table
14. Tt reveals that larger backbone models yield better per-
formance across all object-level OOD detection test cases.
To be specific, a larger ViT model is equipped with a higher
number of layers, attention heads per layer, and an increased
embedding dimension, which helps it extract and capture
more detailed visual representations and therefore contribute
to better performance in OOD detection. Furthermore, an-
other factor which is specifically important to our proposed
framework is the number of patch output embeddings. This
is because our proposed weights combine the [CLS] and
patch output embeddings to help capture the fine-grained
visual details of the target object and relevant spurious cues
in the background. For example, the smallest model (ViT-
B/32) produces only 49 image patches for the entire input
image (both target object and background image), while the
largest one utilizes 576 image patches for the same input
image. This results in a significant difference in the granular-
ity of the vision domain information that is captured by the
CLIP image encoder and utilized by our proposed method.
A higher number of image patches for the same input image
would contribute to more fine-grained details, and, when
used adequately with weight enhancement in our proposed
method, becomes significantly more important for tasks like
object-level OOD detection.

Image-level OOD detection. We also conduct the abla-
tion study on the backbone configuration of the CLIP image
encoder for image-level OOD detection tasks, as shown in
Table 15. Similar to observations in object-level OOD de-
tection tasks, it reveals that the number of image patches
also impacts image-level OOD detection performance. Ad-
ditionally, it is observed that the popular configuration of
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Figure 6. Ablation study on the number of fine-tuning samples (shots) based on FPR95 () scores for object-level OOD detection tasks.
“X (Y)” denotes test case with “X” as ID dataset and “Y”” as OOD dataset. The dashed lines indicate reference numbers of traditional
object-level OOD detection methods with the entire ID dataset for training, as it could not be applied for few-shot fine-tuning.

Table 14. Results of ablation study on object-level OOD detection tasks for the backbone configuration of CLIP image encoder. “# of
patches” indicates the number of patch output embeddings that the CLIP image encoder will produce.

BDD-100k PASCAL-VOC
Backbone # of patches OpenImages MS-COCO Openlmages MS-COCO
AUROC+ FPRO5| AUROCT FPR95]) AUROCT FPR95S| AUROC{ FPRY5 |
ViT-B/32 49 97.65 6.23 95.10 13.08 95.37 17.92 94.11 24.72
ViT-B/16 196 98.52 3.68 95.91 11.32 96.25 14.30 95.07 22.24
ViT-L/14 256 98.73 3.20 96.05 10.27 96.42 14.01 95.35 21.98
ViT-L/14@336px 576 99.24 2.72 96.39 10.08 96.88 13.37 95.85 20.65

ViT-B/16 already delivers excellent image-level OOD detec-
tion performance, and a larger model like ViT-L/14@336px
would likely contribute only a modest performance improve-
ment at a potentially higher computational cost (e.g., ViT-
L/14@336px is equipped with 24 layers, 1024 width, and
16 attention heads per layer). This suggests that ViT-B/16
would be the optimal configuration for the CLIP image en-
coder, striking a balance between efficiency and performance
for our framework on image-level OOD detection tasks.

D.10. Discussions of Component Designs

In this subsection, we present extended discussions of the
component design of our proposed method, including the
choice of shared weights for encoders, the design choice
against RUNA, and the use of CLIP’s projection matrix for
patch tokens.

Shared weights for encoders. A natural question regard-
ing the shared weights design for encoders in our proposed
method is whether our cross-encoder attention mechanisms
(i.e., inter-image attention (Eq. (5)) and infer-text atten-
tion (Eq. (7))) remain well-defined when queries and keys
originate from different encoder instances. We emphasize
that both pairs of encoders (Image Encoders 1 and 2, Text

Encoders 1 and 2) are initialized from the same pretrained
CLIP checkpoint and remain frozen throughout training;
only the lightweight CNN combiners and MLP layers are
updated. Consequently, the query and key projection ma-
trices Wégmg’l’h and W'®"" in Tmage Encoders 1 and 2 are
numerically identical at every layer and head, and likewise
for the text encoder projections WSX"l’h and Wb This
guarantees that queries and keys reside in precisely the same
representational subspace, making their inner products se-
mantically meaningful. In infer-image attention, the [CLS]

query from Image Encoder 1 attends to patch keys from
Image Encoder 2 using the same W and Wy that were
jointly optimized during CLIP’s pretraining to capture visual
relationships. The only difference between the two encoder
instances is the input: Image Encoder 1 receives the cropped
target object I, while Image Encoder 2 receives the masked
background I(,). The cross-encoder attention, therefore,
measures how strongly the holistic representation of the tar-
get object relates to each spatial location in the background,
which is a semantically well-grounded operation within a
shared embedding space.

In addition, we present the results of an ablation study on
shared weights design (i.e., the encoders (Image Encoders 1



Table 15. Results of ablation study on image-level OOD detection tasks for the backbone configuration of CLIP image encoder. “# of
patches” indicates the number of patch output embeddings that the CLIP image encoder will produce.

iNaturalist SUN TEXTURE PLACES
Backbone # of patches
AUROCT FPR95S| AUROCT FPR95| AUROC+ FPR95], AUROCT FPRY5 |
ViT-B/32 49 98.72 6.34 96.81 17.15 95.48 18.46 93.34 26.90
ViT-B/16 196 99.16 4.92 97.35 16.40 96.52 16.91 94.27 25.47
ViT-L/14 256 99.28 4.75 97.67 16.03 96.76 16.50 94.63 25.11
ViT-L/14@336px 576 99.64 4.20 98.00 14.81 97.02 15.65 94.98 24.32

and 2, Text Encoders 1 and 2) are still initialized from the
same pretrained CLIP checkpoint but kept as independent
instances) for encoders in Table 16. In our proposed method,
the object and background encoders share weights, which is
able to achieve equivalent performance to separate weights
while halving memory usage.

Table 16. Results of ablation study on object-level OOD detection
tasks for the shared weights and project representations configura-
tions of CLIP encoders. Numbers reported are average AUROC (1)
scores based on four test cases (BDD-100k—Openlmages, BDD-
100k—MS-COCO, PASCAL-VOC—OpenlImages, and PASCAL-
VOC—MS-COCO) of object-level OOD detection tasks.

Configurations Average AUROC 1
W/o shared weights 96.4240.17
Project global representation only 95.07+0.42
Project patch tokens only 95.5140.49
Ours (w/ shared weights; project both) 96.44+0.18

Component designs against RUNA. Table 17 decomposes
the performance gains on the image-level OOD detection
tasks of our proposed method over RUNA. It shows that
patch-level features for the target object contribute most
substantially, as they capture fine-grained visual details that
RUNA discards. The next most significant contributor is
background modeling.

Table 17. Results of ablation study on image-level OOD detection
tasks for component designs against RUNA. Numbers reported are
average AUROC (1) scores based on four test cases of image-level
OOD detection tasks with ImageNet-1k as ID dataset.

Configurations Average AUROC 1
W/o patch-level features for the target object 94.64+0.30
W/o background modeling 94.96+0.31
W/o unified inference 96.47+0.17
Ours (Full) 96.83+0.15

Applying CLIP’s projection matrix to patch tokens. In the

standard CLIP pipeline, the projection matrix P € R%*d"
is applied exclusively to the [CLS] embedding ZBTE,L o

map it into the joint vision—language space of dimension

d. In our framework, we extend the application of P to all

patch embeddings {z?f;g’]“ N | (Eq. (3)), which raises the
question of whether this extension is semantically justified,
given that P was trained only on [CLS] representations.

We argue that this extension is both mathematically sound
and empirically validated. First, the [CLS] token and all
patch tokens share the same embedding space R at the
output of the final ViT layer L. After L layers of multi-head
self-attention, every patch token has been contextually en-
riched through extensive interaction with all other tokens,
including the [CLS] token. As a result, individual patch
embeddings at layer L are not raw local features: they are
globally informed representations that encode both local spa-
tial detail and broader contextual information. Since P is
a linear projection from R to RY, it is applicable to any
vector in R4, including patch tokens, and its effect is to
project these representations into the vision—language align-
ment space. This observation is also consistent with recent
findings in dense vision-language modeling [38, 39, 58],
which demonstrate that CLIP’s patch-level features, when
projected into the joint embedding space, yield spatially lo-
calized representations that are highly aligned with textual
semantics and suitable for dense prediction tasks such as
segmentation and grounding.

Furthermore, the practical motivation for projecting patch
tokens with P is to enable our text—vision alignment weights
{piz}N o (Bq. (3)), which measure the cosine similarity
between each projected patch embedding Pz?ff’j‘ and the
text embedding M.x(t,). Without this projection, patch
tokens would remain in the visual-only space R™ where
direct comparison with text embeddings in R? is not possible.
By applying P, we bring each patch into the shared vision—
language space, thereby enabling a spatially fine-grained
assessment of which patches are most semantically consis-
tent with the textual description of the target object. Also, our
ablation studies (Tables 3 and 4) provide direct empirical ev-
idence: removing the text—vision alignment module, which
depends on applying P to patch tokens, consistently de-
grades performance across all object- and image-level OOD
detection benchmarks. This confirms that the projected patch
tokens carry meaningful, complementary information that
strengthens OOD detection beyond what the [CLS]-only
pipeline can achieve.
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