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Abstract

Enabling object detectors to recognize out-of-distribution
(OOD) objects is vital for building reliable systems. A pri-
mary obstacle stems from the fact that models frequently do
not receive supervisory signals from unfamiliar data, leading
to overly confident predictions regarding OOD objects. De-
spite previous progress that estimates OOD uncertainty based
on the detection model and in-distribution (ID) samples, we
explore using pre-trained vision-language representations for
object-level OOD detection. We first discuss the limitations of
applying image-level CLIP-based OOD detection methods to
object-level scenarios. Building upon these insights, we pro-
pose RUNA, a novel framework that leverages a dual encoder
architecture to capture rich contextual information and em-
ploys a regional uncertainty alignment mechanism to distin-
guish ID from OOD objects effectively. We introduce a few-
shot fine-tuning approach that aligns region-level semantic
representations to further improve the model’s capability to
discriminate between similar objects. Our experiments show
that RUNA substantially surpasses state-of-the-art methods in
object-level OOD detection, particularly in challenging sce-
narios with diverse and complex object instances.

Introduction
Identifying out-of-distribution (OOD) objects is vital for ob-
ject detectors to safely deploy in an open-world environ-
ment. Most current models work in a closed-world envi-
ronment, matching objects to the pre-defined in-distribution
(ID) labels. Nevertheless, when deployed in an open-world
environment, they acknowledge the possibility of encounter-
ing objects from unknown categories, which should not be
naively assigned to any ID labels. It poses a risk to the secu-
rity of object detection models. In high-stakes applications
like autonomous driving, failure to detect OOD objects can
lead to severe accidents (Nitsch et al. 2021). We can miti-
gate this risk if unknown objects are detected and the human
driver is alerted to take control.

The susceptibility to OOD inputs stems from insuffi-
cient knowledge about unknowns during training. It results
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Figure 1: Object detectors in the open world tend to make
erroneous decisions when facing unknown objects, threaten-
ing machine learning system security. To mitigate this, we
adapt knowledge-rich vision-language representations into
the ID concept space for object-level OOD detection.

in neural networks tending to abnormally generate over-
confident predictions when semantic shifts occur within the
samples (Hein, Andriushchenko, and Bitterwolf 2019), as
shown in Figure 1. In object-level OOD detection, a line of
prior works (Du et al. 2022a,c,b; Wu and Deng 2023; Wu,
Deng, and Liu 2024) design additional modules to be inte-
grated into the training process of detectors, leveraging the
model’s inherent uncertainty. Meanwhile, some estimation-
based methods directly learning from training data (Lee
et al. 2018b; Tack et al. 2020a; Sun et al. 2022) are also
introduced into this domain as alternative solutions.

In recent years, advancements in contrastive multimodal
pre-training methods, including ALIGN (Jia et al. 2021),
CLIP (Radford et al. 2021), BLIP (Li et al. 2022) and In-
ternVL (Chen et al. 2024b), have provided a novel perspec-
tive for detecting out-of-distributions. With extensive prior
knowledge, vision-language (VL) representations can trans-
ferably detect distributional shifts in downstream image-
level classification tasks given the ID textual class labels
(Esmaeilpour et al. 2022; Ming et al. 2022). This observa-
tion prompts us to delve further: if this pre-trained alignment
capability can be adapted to measure the regional uncer-
tainty for individual objects, we would effortlessly unlock
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a safety assistant for deployed detectors, replacing previous
limited enhancement methods and potentially boosting the
performance of object-level OOD detection. However, ap-
plying these pre-trained models to the object-level OOD de-
tection task presents substantial challenges. Unlike image-
level classification, where the entire image is considered, ob-
ject detection focuses on localized regions. This localization
process can lead to a loss of contextual information, making
it difficult to accurately assess an object’s anomaly.

Moreover, the effectiveness of pre-trained models is often
affected by the variety and quality of the dataset of the object
detector. Datasets like BDD-100K(Yu et al. 2020), which
contain a wide range of object sizes, lighting conditions, and
occlusions, can pose challenges for models trained on more
generic datasets. For instance, an object detector trained on
BDD-100K might misclassify small, occluded objects from
other datasets as ID vehicles. This situation underscores the
necessity for domain-specific adaptation to enhance the per-
formance of these models in applied settings.

This study proposes a novel framework, RUNA, to ad-
dress the abovementioned limitations for object-level OOD
detection. RUNA leverages a dual encoder architecture to
provide rich contextual information and employs a Regional
UNcertainty Alignment strategy to effectively calculate un-
certainty scores for object regions, enabling accurate classi-
fication as ID or OOD. We employ few-shot fine-tuning to
bridge the performance gap between generic and domain-
specific datasets. The diverse and challenging nature of
datasets like BDD-100K, characterized by varying light-
ing conditions, occlusions, and object appearances, neces-
sitates tailored model adaptation. Moreover, the pre-trained
VL models, primarily trained on scene-centric images, ex-
hibit limited alignment capability with the unique charac-
teristics of domain-specific datasets. Fine-tuning allows the
model to acquire domain-specific characteristics, enhancing
its capability to detect OOD objects efficiently.

Our contributions are as follows:
• We propose RUNA, a novel object-level OOD detection

framework with a dual encoder architecture that cap-
tures global and local features for accurate regional un-
certainty estimation.

• We develop a few-shot fine-tuning approach to efficiently
align region-level ID semantics, substantially enhanc-
ing the model’s capacity to differentiate between ID and
OOD objects.

• Our approach remarkably improves object-level OOD
detection performance compared to previous methods.

Preliminaries
Object-level OOD Detection. Object-level OOD detection
aims to identify unknown objects that fall outside the rec-
ognized categories and may be misidentified by the model.
Object-level OOD detection is more applicable to real-world
machine learning systems than image-level OOD detection.
However, it also presents more significant challenges, as it
requires careful consideration of each object’s uncertainties
at a fine-grained level.

We define the ID space as X , with the associated label
space given by Yin = {y1, y2, y3, ...yK}. In object-level
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Figure 2: Framework of CLIP-based OOD Detection. Green
arrows represent ID samples, while red arrows denote OOD
samples. The solid line highlights the maximum similarity,
and the dotted lines indicate other similarity measures.

OOD detection literature(Du et al. 2022a,b,c; Wu and Deng
2023; Wu, Deng, and Liu 2024), regional objects x̂b from an
OOD sample xout are considered to experience a semantic
shift compared to ID objects, meaning their label space Yout
does not overlap with Yin.

For an unknown image x, the object detector fθ predicts
results as Dx = {bi, ypi }mi=1. Here, bi ∈ R4 represents the
bounding box, and ypi ∈ Yin is its ID semantic label. OOD
detection is structured as a binary classification task with
uncertainty estimation σ(·), distinguishing between ID and
OOD objects. Given a bounding box b, the goal is to predict
the uncertainty σ(x, b):

G(x̂b,Yin) =

{
in, if E[σ(x, b) | Yin] ≤ γ

out, if E[σ(x, b) | Yin] > γ
(1)

where γ is the threshold chosen such that a high fraction of
ID data (e.g., 95%) falls below it.

Zero-shot CLIP-based OOD Detection. CLIP has ex-
celled in zero-shot OOD detection tasks by utilizing exten-
sive training data and large-scale models.

We outline the approach for performing zero-shot OOD
detection utilizing existing CLIP-based zero-shot method-
ologies Maximum Concept Matching (MCM)(Ming et al.
2022). As depicted in Figure 2, the CLIP model employs
an image encoder to extract features from images. While
CLIP lacks an explicit classifier, we can use ID classes to
create text inputs (e.g., ”a photo of a dog”). The text en-
coder processes these text inputs to produce class-specific
features, which act similarly to a classifier. Let Tin represent
the collection of test prompts that include K class labels. To
illustrate, Ming et al. calculates the score with the softmax
score of the similarity between image features and textual
features:

SMCM(x) = max
ti∈Tin

eSim(I(x),T (ti))/τ∑
tc∈Tin

eSim(I(x),T (tc))/τ
(2)

where x denotes the input image, ti and tc denotes the text to
match. Sim(I(x), T (ti)) denotes the similarity between im-
age feature I(x) and textual feature T (ti). If the MCM for
a given image is below a predefined threshold, it is classified
as ID; otherwise, it is considered OOD.
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Figure 3: Overview of RUNA Framework. Our novel dual-encoder architecture computes regional object uncertainty by
extracting global and regional image features and aligning them with text features. During fine-tuning, the image encoder
handling regional images remain frozen, while only its projection layer (P) participate in the fine-tuning. The upper right
dashed box highlights the importance of our feature fusion strategy: when encountering objects with similar semantics, limited
local features can lead to incorrect decisions. By incorporating global features, the model can make more informed judgments.

Method
Overview. As in Figure 3, our framework, RUNA, utilizes
a dual Image Encoder structure I(g), I(r) to collaboratively
process visual information, where I(g) captures global fea-
tures from the entire image, and I(r) focuses on regional fea-
tures by processing specific objects or areas of interest. The
outputs are subsequently fused to produce the final image
embeddings. We employ a metric based on the maximum
similarity score to quantify uncertainty in object detection.
Notably, we exclusively fine-tune the projection layer of the
visual encoder, denoted as IP , to tailor the pre-trained model
for our particular task.

Given an image x and its corresponding region of inter-
est (bounding box) x̂b, our framework first extracts global
features from the entire image using I(g)(x). Here, bound-
ing box blurring is applied to keep contextual information
while emphasizing the objects of interest, enhancing the ex-
tracted features’ relevance. Concurrently, I(r)(x̂b) processes
the region of interest by cropping the specific area, enabling
a more focused and detailed representation of the object.

To effectively integrate the semantic information ex-
tracted from the regional image with the global context, we
propose a novel fusion strategy, which can be expressed as:

It(x, x̂b) = IP (λ · I(r)(x̂b)⊕ (1− λ) · I(g)(x)) (3)

where ⊕ denotes element-wise addition, and λ is a weight-
ing coefficient that regulates the influence of each encoder.
The resulting It(x, x̂b) represents the final image embed-
ding, which synthesizes both regional and global features.

As illustrated in the top-right dashed box on the left in
Figure 3, when encountering objects with similar semantics,
relying solely on limited local features may cause the model
to misinterpret subtle differences, leading to incorrect de-
cisions. This is especially problematic when visually simi-

lar objects share overlapping attributes, making it challeng-
ing to distinguish between them using only localized cues.
By incorporating global features, the model gains a broader
context, enabling it better to grasp the overall scene struc-
ture and relational information. This holistic view allows for
more informed and accurate judgments, as the model can in-
tegrate detailed local patterns and the larger contextual back-
drop, leading to more robust OOD detection.

As illustrated in Figure 3, our approach functions as a
post-hoc corrective technique that does not interfere with
the training process of the object detection model. For a re-
gional object x̂b identified by the detector’s prediction x, b,
we transform the distributional uncertainty σ(x, b) of x̂b into
a distance measure relative to the ID semantic space. Given
the ID space as P ∈ RK , the uncertainty of a predicted re-
gion x̂b is represented as its deviation from this known dis-
tribution P:

E[σ(x, b) | Yin] = EP [H(x̂b,P)] (4)

where H denotes the selected distance measurement func-
tion. In this framework, the uncertainty of an unknown ob-
ject is converted into a distance-based estimation relative to
the ID space P . In line with prior research(Ming et al. 2022),
we construct the K dimensions of P using the pre-trained
CLIP text encoder T (·).

Regional Uncertainty Alignment. Our goal is to quan-
tify the discrepancy between the input region image x̂b and
the entire ID semantic space P . This discrepancy is accom-
plished by assessing the similarity between the image fea-
tures and predefined concept vectors corresponding to ID
labels, with this similarity serving as a distance measure.

Initially, we consider that the semantic similarities be-
tween It(x, x̂b) and all ID concept vectors contribute to as-
sessing its distance from the ID space P which means T (ti).
A straightforward method is to sum these similarities (Direct
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Sum) to reflect the degree of deviation of {x, x̂b}:

E[σ(x, b) | Yin] = −
K∑
i=1

Sim(It(x, x̂b), T (ti)) (5)

The negative sign indicates lower semantic similarity with
ID concept vectors for OOD objects corresponds to a greater
distance from P , implying higher uncertainty.

However, during our evaluation, we observed that Direct
Sum fails to effectively distinguish between ID and OOD
objects in the VOC dataset. We attribute this issue to the
limited variance in the cosine similarities outputted by CLIP,
which do not exhibit significant differences between match-
ing and non-matching situations. This results in the absolute
values of the summed similarities, overshadowing the im-
pact of actual differences.

To tackle this issue, we adapt the MCM in Eq.(2) by sub-
stituting I(x) with It(x, x̂b), thereby amplifying the differ-
ences between the similarities. However, MCM does not sig-
nificantly improve the differentiation between ID and OOD
objects, as shown in Figure 4. Interestingly, we notice that
as the scaling factor of MCM increases, its performance im-
proves. This phenomenon prompts us to investigate further.
We find that as the differences between values expand, the
influence of larger values on the scores also increases. When
the factor approaches its limit, the score is predominantly
influenced by the maximum similarity value. Consequently,
we define the uncertainty estimation metric as follows:

E[σ(x, b) | Yin] = − max
1≤i≤K

Sim(It(x, x̂b), T (ti)) (6)

where Sim(It(x, x̂b), T (ti)) denotes similarity between
the image feature It(x, x̂b) and the concept vector T (ti) for
each label i and K denotes the number of labels.

Few-shot Fine-tuning. Although the zero-shot method
lays a solid groundwork for OOD detection, it lacks the
nuanced understanding of ID data needed to distinguish
between ID and OOD samples precisely. We introduce a
fine-tuning strategy that utilizes few-shot learning for cost-
effective and rapid adaptation to fill this gap. By randomly
selecting a small set of images, our approach infuses the
model with region-specific details, unlocking a more pro-
found comprehension of ID characteristics.

For a given image x, we treat all ground truth bound-
ing boxes {x̂i

b}mi=1 as potential fine-tuning candidates. From

these, N shots of K kinds of objects are randomly drawn,
denoted as {(x̂i

b, yi)}NK
i=1 , where each x̂i

b corresponds to a
regional patch and yi indicates its associated label. This pro-
cess selectively exposes the model to key ID regions, en-
hancing its ability to align with the fine-grained semantic
features vital for robust ID/OOD discrimination.

Given the pre-trained image encoder’s capacity for in-
tense feature extraction, our fine-tuning selectively focuses
on refining the projection layer after the image encoder han-
dles regional images. We aim to align visual embeddings
with their corresponding label embeddings closely. To this
end, we employ a contrastive loss that sharpens the model’s
intra-ID discriminative power:

LID = −
∑
x̂b∈B

log
exp(Sim(I(x̂b), T (ti))/τ)∑K
j=1 exp(Sim(I(x̂b), T (tj))/τ)

(7)

where τ is a temperature to scale cosine similarities. This
contrastive loss formulation hones the model’s precision
within the ID space and optimizes its ability to differentiate
between subtle category variations, driving a more context-
aware and semantically aligned fine-tuning process.

Experiments
Experimental Settings
Datasets and metrics. We use PASCAL-VOC(Everingham
et al. 2010) and BDD-100K(Yu et al. 2020) as ID datasets
and evaluate on two OOD datasets sourced from MS-
COCO(Lin et al. 2014) and OpenImages(Kuznetsova et al.
2020), ensuring no label overlap with ID datasets. The ob-
ject detection model is pre-trained on the ID datasets. We
evaluate using three metrics: 1) FPR95: False Positive Rate
at 95% True Positive Rate for ID samples, indicating the
proportion of misclassified OOD objects; 2) AUROC: Area
Under the ROC curve, where higher values indicate superior
performance; 3) mAP: We do not report mAP as the ob-
ject detection model is not affected by the integreted RUNA
OOD detector.

Models and Baselines. We utilize the Detectron2 plat-
form (Wu et al. 2019) with Faster R-CNN(Ren et al.
2015) (using ResNet50(He et al. 2016) as the backbone)
as the frozen object detection model. We adopt CLIP
(VIT-B/16) (Radford et al. 2021) for the vision-language
model. Our CLIP-based approaches are evaluated against
several widely adopted image-level approaches, including
MSP (Hendrycks and Gimpel 2017), ODIN (Liang, Li, and
Srikant 2018), Mahalanobis (Lee et al. 2018b), Generalized
ODIN (Hsu et al. 2020), CSI (Tack et al. 2020b), Gram ma-
trices (Sastry and Oore 2020), Energy score (Liu et al. 2020),
and CLIP-based MCM(Ming et al. 2022). Additionally, we
compare with object-level OOD detection methods such as
VOS (Du et al. 2022c), SIREN (Du et al. 2022a), SAFE
(Wilson et al. 2023), TIB (Wu and Deng 2023), and PCA-
based method (Wu, Deng, and Liu 2024).

Implementation details. We exclusively fine-tune the
projection layer of the regional image encoder individually,
while the global image encoder is off-the-shelf. For few-shot
learning, we perform fine-tuning using 10-shot samples. For
ID discriminative fine-tuning, we employ a batch size of 256
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In-distribution
datasets Detection Method OpenImages MSCOCO

FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑

Berkeley
DeepDrive-100k

MSP (Hendrycks and Gimpel 2017) 79.04 77.38 80.94 75.87
ODIN (Liang, Li, and Srikant 2018) 58.92 76.61 62.85 74.40
Mahalanobis (Lee et al. 2018b) 60.16 86.88 57.66 84.92
Energy score (Liu et al. 2020) 54.97 79.60 60.06 77.48
Gram matrices (Sastry and Oore 2020) 77.55 59.38 60.93 74.93
Generalized ODIN (Hsu et al. 2020) 50.17 87.18 57.27 85.22
CSI (Tack et al. 2020b) 37.06 87.99 47.10 84.09
SIREN (Du et al. 2022a) 37.19 87.87 39.54 88.37
VOS (Du et al. 2022c) 35.61 88.46 44.13 86.92
MCM∗ (Ming et al. 2022) 45.37 88.46 53.79 86.92
SAFE (Wilson et al. 2023) 16.04 94.64 32.56 88.96
TIB (Wu and Deng 2023) 24.00 92.54 36.85 88.47
PCA-based (Wu, Deng, and Liu 2024) 35.05 88.92 45.72 85.14
RUNA (Ours) 9.95 96.76 16.85 93.92

PASCAL-VOC

MSP (Hendrycks and Gimpel 2017) 73.13 81.91 70.99 83.45
ODIN (Liang, Li, and Srikant 2018) 63.14 82.59 59.82 82.20
Mahalanobis (Lee et al. 2018b) 96.27 57.42 96.46 59.25
Energy score (Liu et al. 2020) 58.69 82.98 56.89 83.69
Gram matrices (Sastry and Oore 2020) 67.42 77.62 62.75 79.88
Generalized ODIN (Hsu et al. 2020) 70.28 79.23 59.57 83.12
CSI (Tack et al. 2020b) 57.41 82.95 59.91 81.83
SIREN (Du et al. 2022a) 49.12 87.21 54.23 86.89
VOS (Du et al. 2022c) 50.79 85.42 47.29 88.35
MCM∗ (Ming et al. 2022) 48.73 80.16 50.43 78.22
SAFE (Wilson et al. 2023) 20.36 92.28 47.40 80.30
TIB (Wu and Deng 2023) 47.19 88.09 41.55 90.36
PCA-based (Wu, Deng, and Liu 2024) 50.56 85.71 44.54 89.40
RUNA (Ours) 26.07 93.63 30.67 92.48

Table 1: Main results. ↑ denotes that higher values are considered superior, while ↓ signifies that lower values are desirable.
All results are presented as percentages. Bold numbers represent superior results, and the second-best performance is marked
with an underline. ∗ means adapted with our dual-encoder architecture.

and use the AdamW optimizer, conducting fine-tuning over
100 epochs with a base learning rate of 5× 10−6. We use ”a
photo of a {label}” for the textual prompt. We set the dual
encoder’s fusion coefficient λ to 0.5 and the blur radius R of
Gaussian Blur to 1.

Main Results
As illustrated in Table 1, our proposed CLIP-based ap-
proach, RUNA, demonstrates advantages over previous
methods. Notably, on the autonomous driving dataset BDD-
100K, our fine-tuning approach significantly enhances the
detection of OOD objects. In tests on the OOD dataset
OpenImages, RUNA achieves an FPR95 of 9.95%, mark-
ing a 6.09% reduction compared to the previously best-
performing method, SAFE. On the OOD dataset MSCOCO,
our method achieved an FPR95 of 16.85%, improving by
15.71% compared to SAFE. When VOC serves as the ID
dataset and OpenImages as the OOD dataset, SAFE achieves
a lower FPR95 compared to our method. However, on the
OOD dataset MSCOCO, our method outperforms SAFE
with an FPR95 of 30.67%, achieving an improvement of

16.73% over SAFE and 10.88% over SOTA method TIB.
Our approach provides detector-agnostic performance with-
out requiring manual feature selection, making it more flex-
ible and broadly applicable across various detection scenar-
ios. In contrast, previous methods explicitly designed for
object-level OOD detection require retraining the target de-
tection model, which may affect its original detection per-
formance.

Furthermore, our fine-tuning framework showcases a re-
markable improvement over the zero-shot approach. For in-
stance, on VOC, RUNA shows a substantial FPR95 im-
provement of 12.90% on OpenImages and 20.70% on
MSCOCO. Specifically, on BDD-100K, RUNA shows a
substantial FPR95 improvement of 19.47% on OpenImages
and 20.11% on MSCOCO.

Ablation Study
Ablation on the dual encoder and ID fine-tuning. We ex-
amine the impact of the dual encoder and ID fine-tuning
components within our object-level OOD detection frame-
work. The fine-tuning strategy is designed to improve the
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Figure 5: Ablation study on the number of fine-tuning samples (shots). This study examines how varying the number of shots
affects detection performance, showing the trade-offs between data efficiency and detection quality.

ID Method OpenImages/MSCOCO

RE GE FT FPR95 ↓ AUROC ↑

BDD-
100k

✓ - - 58.09/62.17 70.94/69.10
- ✓ - 31.78/39.24 89.21/84.19
✓ ✓ - 29.42/36.96 89.90/85.37
✓ - ✓ 15.71/22.14 93.34/92.26
✓ ✓ ✓ 9.95/16.85 96.76/93.92

VOC

✓ - - 42.75/55.26 91.19/84.65
- ✓ - 39.22/52.49 91.45/87.49
✓ ✓ - 38.97/51.37 91.78/88.92
✓ - ✓ 30.76/34.31 92.01/90.17
✓ ✓ ✓ 26.07/30.67 93.63/92.48

Table 2: Ablation study on our regional encoder (RE), global
encoder (GE) and few-shot fine-tune (FT).

discriminative capability of the pre-trained model with re-
spect to ID semantics. At the same time, the dual encoder fo-
cuses on strengthening sensitivity to ID objects via enhanced
feature representation. The evaluation results are presented
in Table 2. We compare the performance of models with and
without the dual encoder to assess its contribution to feature
extraction. Additionally, we assess the impact of fine-tuning
on ID data, analyzing its role in adapting the model to the
unique features of the ID space and improving OOD detec-
tion accuracy. The results demonstrate that the dual encoder
significantly enhances the model’s capability to distinguish
between ID and OOD samples. ID fine-tuning further refines
this capability, leading to more robust OOD detection.

Ablation on the number of fine-tuning samples (shots).
We examine the effect of changing the number of samples
used for model fine-tuning. The evaluation results are pre-
sented in Figure 5. The zero-shot method depends entirely
on the pre-trained model, providing a competitive baseline
performance but struggling with object-level OOD detec-
tion due to the lack of ID supervision. Introducing 1-shot
learning shows immediate improvements, leveraging a sin-

gle example to better align the model with the target task.
With 5-shot learning, the model demonstrates significant
gains, as many examples facilitate a more comprehensive
understanding of the data distribution. Finally, 10-shot learn-
ing further enhances performance, capturing even more nu-
ances and variations within the data. This study illustrates
the clear benefits of incorporating a few labeled examples,
with each incremental increase in sample size resulting in
notable improvements in the model’s accuracy and robust-
ness. However, we also perform fine-tuning on the entire
dataset, which yields only minimal improvements while in-
curring significantly more computational costs. This indi-
cates that while few-shot learning provides substantial ben-
efits, full dataset fine-tuning offers diminishing returns com-
pared to the increased computational demands.

Ablation on different backbones of the visual encoder.
We assess the influence of various ViT backbones on the
performance of the CLIP model, as illustrated in Table 3.
The analysis reveals that while the more extensive back-
bones, ViT-L/14 and ViT-L/14-336, provide slight improve-
ments in FPR95 and AUROC, they substantially increase
runtime and parameter count. Specifically, the ViT-L/14 and
ViT-L/14-336 backbones, despite their slightly better perfor-
mance, significantly increase computational demands. On
the other hand, ViT-B/16 offers a good balance between ef-
ficiency and performance, demonstrating that the additional
computational cost of larger models does not proportionally
enhance performance. Consequently, we choose ViT-B/16 as
the backbone for its optimal trade-off between performance
gains and resource efficiency. This choice ensures that our
framework remains computationally feasible while deliver-
ing high accuracy in OOD detection.

Related Work
OOD Detection for Classification
OOD detection distinguishes the unknown inputs that de-
viate from ID training data during the testing phase. The
employment of the maximum softmax probability (MSP)
(Hendrycks and Gimpel 2017) serves as a common base-
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Backbone BDD-100k VOC Run time(ms) Params
FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ 1-image 5-image 10-image

VIT-B/32 59.47/64.11 68.02/70.13 43.59/54.37 89.19/80.23 62.9 90.7 129.1 0.15B
VIT-B/16 58.09/62.17 70.94/69.10 42.75/55.26 91.19/84.65 83.8 220.1 410.4 0.15B
VIT-L/14 57.24/61.01 71.89/71.24 42.38/53.49 91.56/86.67 309.1 863.7 1559.5 0.43B

VIT-L/14(336) 56.99/60.12 72.80/73.01 42.01/53.35 91.98/87.13 533.3 2086.5 4673.9 0.43B

Table 3: Ablation on the effect of different CLIP configurations on performance and run time. We evaluate the effects upon zero-
shot regional encoder only method. The results are presented for two OOD datasets, with OpenImages followed by MSCOCO.

line approach; however, it can yield excessively high val-
ues for OOD inputs (Hein, Andriushchenko, and Bitterwolf
2019). Various enhancements have been suggested, such as
ODIN (Liang, Li, and Srikant 2018), Mahalanobis (Lee et al.
2018b), Energy score (Liu et al. 2020), Gram matrices (Sas-
try and Oore 2020), CSI (Tack et al. 2020b), GODIN (Hsu
et al. 2020), etc. While traditional OOD detection meth-
ods (Dhamija, Günther, and Boult 2018; Lee et al. 2018a;
Hendrycks, Mazeika, and Dietterich 2018; Li and Vascon-
celos 2020; Chen et al. 2024a; Kingma and Dhariwal 2018;
Schirrmeister et al. 2020) largely stemmed from image-level
classification tasks, some unique challenges posed by object
detection require specialized approaches.

Object-level OOD Detection
OOD detection has garnered increasing attention in object
detection to ensure the robustness of visual systems. Main-
stream approaches (Du et al. 2022a,c) primarily focus on
model regularization to achieve optimal representations. In
contrast, the SAFE method enhances OOD detection by se-
lecting sensitivity-aware features from the object detector
and inputting them into an auxiliary MLP network (Wilson
et al. 2023). Recent advancements include the Two-Stream
Information Bottleneck method (Wu and Deng 2023), which
utilizes dual information streams to identify unfamiliar ob-
jects without relying on auxiliary data, and the PCA-Driven
Dynamic Prototype Enhancement technique, which dynam-
ically refines prototypes for improved OOD discrimination
using Principal Component Analysis (Wu, Deng, and Liu
2024). While many conventional methods depend on model
uncertainty for OOD detection, we leverage a pre-trained
vision-language model. The enhanced alignment knowledge
from this model enables us to overcome the cognitive limi-
tations of the original detection framework, resulting in im-
proved OOD detection performance.

OOD Detection with Vision-language Models
Recent vision-language models, such as CLIP (Radford
et al. 2021), have significantly advanced computer vision by
aligning images and text in a shared feature space using a
self-supervised contrastive objective. In OOD detection, Es-
maeilpour et al. proposed ZOC, integrating a transformer-
based decoder with CLIP’s image encoder (Radford et al.
2021), tackling the challenge of sourcing OOD candidate
labels—an issue our method bypasses. Building on this,
Ming et al. introduced a CLIP-based OOD detection ap-

proach using MCM, while (Miyai et al. 2023) explored zero-
shot ID detection to determine whether all objects in an im-
age are ID. Unlike image-level studies, our work harnesses
vision-language models for object-level OOD detection. The
core challenge is to localize and identify region-level out-of-
distribution objects within images. This task becomes partic-
ularly complex when most pre-trained models are designed
for image-level representations. In contrast to previous stud-
ies that heavily rely on textual prompting, we concentrate
on visual prompting to effectively guide CLIP’s attention
to the target of interest. By integrating few-shot learning,
we greatly enhance the efficiency of the fine-tuning pro-
cess. This approach allows us to achieve optimal perfor-
mance with a minimal amount of data, thereby improving
the model’s flexibility and robustness across various con-
texts and reassuring the reader of the reliability of our ap-
proach.

Conclusion
This paper focuses on detecting OOD objects using pre-
trained vision-language representations. Our investigation
begins with evaluating the effectiveness of CLIP-like rep-
resentations in identifying object-level OOD instances and
proposes the zero-shot baseline. Additionally, we propose
RUNA, a novel Regional UNcertainty Alignment strat-
egy, which significantly enhances detection performance by
adapting vision-language models to ID semantic space and
guiding vision-language models to be more sensitive to ID
concepts. Overall, experimental results demonstrated sub-
stantial improvements over previous methods, emphasizing
the effectiveness and promise of our proposed approaches.
In the future, we intend to investigate more refined visual
prompting techniques to enhance the model’s capacity to
capture subtle details and variations within the data. Fur-
thermore, we aim to explore the deployment of our model to
edge services, enabling real-time object detection and OOD
detection in resource-constrained environments.
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