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Abstract. Out-of-Distribution (OOD) detection is essential for ensur-
ing the robustness and reliability of object detection systems deployed in
safety-critical applications. While prior research has mainly focused on
uni-modal detectors or vision-language model (VLM) based classifiers,
the potential of VLM-based object detectors in OOD scenarios remains
underexplored. In this work, we take the first step toward building OOD
object detection methods upon VLMs. We identify two key challenges:
(i) learning discriminative features to separate in-distribution (ID) from
OOD instances, and (ii) designing scoring functions consistent with VLM
probabilistic outputs. Hence, we introduce Negative Label Guided Atten-
tion and Scoring (NegAS). To address (i), we propose a negative label
guided attention module (NegA), where LLM-generated, visually-similar
but semantically-different negative labels are used to guide attention to-
ward potential OOD background regions. To address (ii), we introduce
a novel sigmoid-based OOD scoring function (NegS) that leverages both
ID and negative labels, producing strong responses for ID instances and
suppressed responses for OOD ones. Extensive experiments demonstrate
that our approach improves OOD detection performance by a large mar-
gin while maintaining competitive ID accuracy, e.g ., reducing the FPR95
by 11.4% on the COCO dataset and 25.5% on the OpenImages dataset
compared to the baseline model. While initially designed for dense VLM
detectors like YOLO-World, we successfully adapt NegAS to Grounding
DINO, a query-based VLM transformer, achieving significant improve-
ments, demonstrating the generalizability of our framework. The code is
available at https://github.com/yjzzyj/NegAS.

Keywords: Out-of-Distribution Object Detection · Vision-Language Model
· Negative Label Guided Attention and Scoring

1 Introduction

Deep learning based object detection methods have achieved remarkable pro-
gresses in recent years. However, their accuracy and reliability often degrade in
real-world scenarios. A critical issue arises when these models encounter objects
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of classes that were not present during training, known as Out-of-Distribution
(OOD) data. In such cases, models tend to misclassify OOD objects as in-
distribution (ID) ones, which can lead to severe consequences in safety-critical
domains such as autonomous driving and medical image analysis. This makes
OOD object detection (simply referred to as OOD detection) an essential re-
search problem for enhancing the overall trustworthiness and reliability of deep
learning detection methods.

OOD classification has been extensively studied in traditional uni-modal clas-
sification models, though such approaches generally do not incorporate textual
information. Recently, vision-language models (VLMs), such as CLIP [26], which
align textual and visual spaces, have demonstrated strong generalizability and
are gradually becoming the mainstream for classification tasks. Consequently,
OOD classification methods built upon CLIP have attracted significant atten-
tion. Existing research in this direction mainly explores how to exploit the align-
ment between text and vision to improve OOD classification performance, and
can broadly be grouped into two categories. The first category, such as Lo-
CoOp [23], NegPrompt [17], LSN [25], IDPrompt [1], GalLoP [15], focuses on
designing negative prompts to enhance feature discriminability, to separate ID
and OOD samples more effectively in the feature space. The second, such as
MCM [22], GL-MCM [24], NegLabel [12], EOE [2], emphasizes developing im-
proved OOD scoring functions that enable more accurate and reliable distinction
between ID and OOD instances.

Motivated by the advances in OOD classification, the field of OOD detec-
tion has recently gained growing interest. Representative approaches—VOS [6],
STUD [5], SyncOOD [19], WFS [35]—largely follow the Faster R-CNN [27]
framework and utilize visual features only. More recently, vision language object
detection models have demonstrated superior generalization compared to tra-
ditional uni-modal detectors. For example, YOLO-World [3] aligns local image
regions with text queries and achieves strong performance in downstream detec-
tion tasks. Nevertheless, its ability to address OOD detection remains largely
unexplored. In this paper, we bridge this gap by investigating OOD object de-
tection methods specially built upon VLMs with two mainly-focused challenges.

The first challenge is to better separate ID and OOD samples in the feature
space. YOLO-World introduces a text-guided attention layer that uses ID la-
bels to emphasize foreground features and align vision–language representations.
However, it treats all background regions uniformly. We argue that background
regions vary in importance. We observe that certain background areas may con-
tain potential OOD objects. Focusing more on these regions can yield a clearer
decision boundary between ID and OOD instances. To this end, we propose a
Negative label guided Attention (NegA) module that uses curated negative la-
bels to reweight background features, guiding the network toward characteristics
that contradict ID labels or resemble OOD labels. Besides, we design an LLM-
based algorithm to generate high-quality negative labels that possess sufficient
semantic differences from the ID labels, ensuring they provide meaningful and
diverse guidance information.
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The second challenge lies in designing an appropriate OOD scoring function.
Most OOD methods are built on Faster R-CNN [27] trained with softmax-based
losses, yielding softmax-based scores. In contrast, VLM detectors are trained
with sigmoid-based losses, making a direct transfer suboptimal. We address this
with a Negative label guided Scoring (NegS) function tailored to VLM-based
OOD object detection. Aligned with the probabilistic formulation of VLMs, it
explicitly models the relative separation between ID and OOD samples, reducing
overconfident predictions on unseen data.

We implement NegAS on two representative VLM detectors with different ar-
chitectures—a dense detector YOLO-World and a query-based detector Ground-
ing DINO—and conduct experiments on both. Results on these two baselines
consistently validate the effectiveness of NegAS for OOD detection.

Our main contributions are as follows:

– To the best of our knowledge, this is the first work to explore the potential
of vision-language model (VLM) detectors for OOD object detection.

– We propose NegAS, which consists of a Negative label guided Attention
(NegA) module and Scoring (NegS) function for VLM-based OOD object
detection to enhance the separability between ID and OOD samples. Fur-
thermore, we open-source our complete prompt templates and the compre-
hensive sets of curated negative labels to ensure full reproducibility.

– We implement NegAS on YOLO World, a dense VLM detector, and Ground-
ing DINO, a query-based VLM detection transformer. Extensive experiments
demonstrate the effectiveness of NegAS. This bridges the architectural gap
between dense and query-based VLM detectors, demonstrating the general-
izability of NegAS.

2 Related Works

2.1 Pretrained vision-language models

Thanks to the Transformer architecture [31], pretrained vision-language mod-
els (VLMs) such as CLIP [26] have profoundly influenced vision tasks. Trained
with contrastive learning, CLIP exhibits strong cross-modal alignment and gen-
eralization, becoming the de facto foundation for many vision-language models.
Its robust representation ability has enabled a wide range of vision-language ap-
plications and motivated extensive research on adapting VLMs to downstream
tasks.

2.2 VLM object detectors

Built upon pretrained VLMs, recent advances have enabled object detectors
to move beyond closed-set taxonomies. ViLD [9] and GLIP [16] pioneered
knowledge distillation and grounding-based approaches for open-vocabulary de-
tection. Grounding DINO [20] further integrates grounded pretraining into
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Fig. 1: Negative Label Mining. Given ID category texts, we prompt an LLM to generate
candidate negative labels. Each candidate is compared to every ID label by computing
their cosine similarity in the text embedding space. The candidates are sorted by their
maximum similarity to the ID label set, and the K labels with the lowest maximum
similarity are selected to form Yneg. Labels with high similarity (e.g ., “school bus”,
“sofa”) are discarded to avoid semantic overlap with ID categories.

a transformer-based detector with language-guided query selection and cross-
modality decoding, achieving state-of-the-art zero-shot performance. YOLO-
World [3] extends the real-time YOLO framework with reparameterizable vision-
language fusion and a prompt-then-detect paradigm, enabling practical open-
vocabulary detection in real-world scenarios. These models highlight a trend
toward tighter vision-language integration and stronger open-set generalization.

2.3 Out-of-distribution object detection

Early approaches attempt to synthesize OOD samples, either by perturbing in-
distribution (ID) data or generating images with generative models. VOS [6]
perturbs ID distributions to create pseudo-OOD samples, training models with
binary objectives to distinguish ID and OOD. SyncOOD [19] feeds specially
designed prompts into large language models (LLMs) to generate OOD labels,
which are then used to edit images within bounding boxes via generative models.
WFS [35] introduces the Open-Domain Unknown Object Detection (ODU-OD)
task, targeting accurate detection of unknown objects across multiple unseen
domains with diverse image styles. SIREN [4] explicitly shapes feature spaces
by enforcing compactness for ID categories and separability for OOD regions.
These efforts highlight the challenge of extending detectors beyond the semantic
space of their training data.

2.4 Prompt learning

Prompt learning, initially introduced in NLP, has recently been adapted to vision
tasks as a flexible means of aligning VLMs with downstream objectives. CoOp
[38] adds learnable text prompts in CLIP, significantly improving its performance
on image classification. CoCoOp [37] extends this idea with conditional prompts
that generalize better to unseen classes. MaPLe [13] introduces vision prompts
to refine prompt tuning strategies to enable better vision-language alignment.
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Fig. 2: The framework of our method. Based on the original YOLO-World, we add an
additional NegA-based OOD branch. NegA leverages the interaction between the text
embeddings of LLM-curated negative labels and visual features to enhance potential
OOD background regions. The enhanced features are then fed into the detection head
to compute the classification loss for the background regions only. Through backprop-
agation, the learnable prompts in the text encoder are updated, helping the model
learn a better decision boundary. During inference, the NegA attention branch is dis-
carded (no additional inference cost), while the negative text embeddings are retained
for computing the NegS OOD score.

In object detection, PromptDet [8] introduces task-specific prompts for open-
vocabulary detection, showing the effectiveness of prompt learning in bridging
the gap between vision and language. These advances make prompt learning a
key technique for adapting large VLMs to diverse tasks.

3 Methodology

We consider the closed-set fine-tuning setting for OOD detection: given a pre-
defined set of ID categories, a dense VLM detector (e.g ., YOLO-World) is fine-
tuned on ID training data, and at test time must distinguish ID objects from
OOD objects unseen during training.

As shown in Figure 2, our method is built upon YOLO-World [3], a widely
used VLM-based dense object detector. In this section, we first introduce how
negative labels are generated in Sec. 3.1. Next, we explain how these negative
labels guide the model to focus on important background regions in Sec. 3.2
and describe the training loss functions in Sec. 3.3. Finally, we present the NegS
score computation based on negative labels in Sec. 3.4.

3.1 Negative label selection

NegLabel [12] proposes to select negative labels from a large lexical database.
However, we find that many words selected in this way are meaningless. To
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improve the quality of negative labels, we resort to large language models (LLMs)
for negative label generation. As illustrated in Figure 1, given a collection of
in-distribution (ID) category texts Yid

N with N entries, designed prompts are
provided to the LLM (e.g ., GPT-4o [11]) to produce a novel set of negative
category texts, denoted as Cneg

M with M entries. These negative texts describe
objects that share certain visual characteristics with ID categories while differing
semantically. Formally,

Cneg
M = LLM(Yid

N ;Prompts), (1)

where LLM denotes the large language model. The used Prompts and selection
procedure are described below.

Prompt design. We provide the LLM with the following instructions.
System Prompts: “You are an AI visual assistant. You should not make up

information or provide false details. The user will provide you with some In-
Distribution (ID) class names in text, and you should respond with the corre-
sponding OOD class names...”.

User Prompts: “The OOD class names should be of following features: 1. The
OOD class names should be diverse and commonly seen in the real world... Now
please list corresponding negative label names for ID names: [person, bird, ...]”.

The complete prompt templates for each dataset and the full list of generated
negative labels are provided in the supplementary materials.

Negative label mining. Given the ID label set Yid
N = {yidj }Nj=1, we prompt

an LLM to generate a candidate pool C = {ci}|C|i=1. Let T (·) ∈ RC denote the
text-encoder embedding and sim(a,b) = a⊤b

∥a∥∥b∥ be cosine similarity.
Visual similarity filtering. To ensure visual similarity to ID objects, we first

build visual prototypes for each ID class from the ID dataset (e.g ., by averaging
CLIP [26] image-encoder features of instances in that class). Then, leveraging
CLIP, we compute the image–text similarity between each candidate label ci
and the set of ID prototypes. We retain the M candidates with a similarity over
δ (default 0.5), forming a visually similar candidate set Cneg

M ⊆ C.
Semantic dissimilarity ranking. For each candidate ci ∈ Cneg

M , we measure its
semantic closeness to the ID label set by the maximum text-text similarity:

si = max
1≤j≤N

sim
(
T (ci), T (yidj )

)
. (2)

We define a dissimilarity score as di = 1− si, where dissimilarity score di = 0
indicates that ci is identical (or extremely close) to some ID label in the text-
embedding space. Finally, inspired NegLabel [12], we select the K candidates
with the largest dissimilarity score di (equivalently, the smallest similarity si) to
form the negative label set Yneg

K , and discard candidates with large si to reduce
semantic overlap with ID labels. This procedure yields negative labels that are
visually similar while semantically distinct from the ID label set.
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3.2 Negative label guided attention

Review of Text-Guided CSPLayer (YOLO-World). YOLO-World intro-
duces Max-Sigmoid Attention (MSA) into CSPLayer to inject linguistic infor-
mation into multi-scale visual features. Let TN = {tj}Nj=1 ∈ RN×C = T (YN )

be the text embeddings and Il ∈ RC×Hl×Wl be the visual feature at FPN level
l ∈ {3, 4, 5}. For each spatial location (m,n), denote I

(m,n)
l ∈ RC as its feature

vector. The Max-Sigmoid Attention Îl = MSA(Il, TN ) is defined as:

A
(m,n)
l = σ

(
max

1≤j≤N
sim(tj , I

(m,n)
l )

)
, Al ∈ RHl×Wl , tj ∈ RC , (3)

Îl = Il ⊙Al, (4)

where A
(m,n)
l is a scalar attention weight and ⊙ denotes element-wise multi-

plication with broadcasting. Thus, regions closely associated with the texts are
enhanced, while irrelevant regions are suppressed.

YOLO-World with NegA (ours). Our goal is to leverage negative labels
to amplify potential OOD evidence in background regions while preserving the
original ID detection capability of YOLO-World, thereby learning a more precise
decision boundary between ID and OOD samples. We impose two design prin-
ciples: (i) keep the YOLO-World architecture and parameters frozen to retain
its generalization ability; (ii) apply negative-label guidance only on background
regions to avoid conflicting with ID semantics.

Dual-branch neck with shared parameters. As shown in Figure 2, we
build two parallel neck branches with identical architecture and shared parame-
ters. The ID branch follows the original YOLO-World and produces ID-enhanced
features, while the OOD branch is conditioned on negative text embeddings and
produces OOD-enhanced features:

Îidl = MSA(Il, T
id
N ), Îoodl = MSA(Il, T

neg
K ), (5)

where T id
N = T (Yid

N ) ∈ RN×C and Tneg
K = T (Yneg

K ) ∈ RK×C are embeddings for
ID and negative label sets, respectively. Both Îidl and Îoodl are forwarded to the
same detection head for classification, but the OOD supervision is restricted to
background regions (details below). At each forward pass, we perturb negative
embeddings with Gaussian noise (default µ = 0, σ = 0.05). This perturbation
acts as a semantic-coverage regularizer for the finite set of generated negative
labels by locally expanding their embedding neighborhoods.

Background mask construction. We construct a binary background
mask Ml ∈ {0, 1}Hl×Wl from ground-truth (GT) bounding boxes during train-
ing. For each FPN level l ∈ {3, 4, 5} with stride {8, 16, 32}, we project GT boxes
onto the feature-map grid by dividing box coordinates by the stride. For each
grid location (m,n), we set M

(m,n)
l = 0 if (m,n) falls inside any projected GT

box (foreground), and M
(m,n)
l = 1 otherwise (background). This mask depends

only on GT annotations. The construction is intentionally conservative: any cell
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inside a projected box is treated as foreground, preventing negative-label guid-
ance from penalizing ID regions near object boundaries.

Training vs. inference. The OOD branch serves as training-time back-
ground augmentation: it modulates attention using negative labels and provides
additional supervision to shape a clearer ID–OOD boundary. During training,
Îoodl is used to compute background-only OOD loss, while Îidl is used for stan-
dard detection. At inference, we discard the NegA (OOD) branch for
feature extraction and keep only the ID branch to produce detections. Neg-
ative text embeddings are still retained and are used only for computing
the test-time OOD score (NegS in Section 3.4) together with ID-branch features,
introducing no additional inference overhead in the neck. During inference, we
compute per-box classification scores sid ∈ [0, 1]N and s̃neg ∈ [0, 1]K using ID-
branch features and (T id

N , Tneg
K ), then obtain the OOD score by Equation (10).

The inference pipeline is provided in supplementary materials.

3.3 Training objectives

Both Îidl and Îoodl are forwarded through the same detection head to predict
scores over the N ID classes Yid

N . Let the set of predictions from the two branches
be Pid = {P id

i }i∈Ω and Pood = {P ood
i }i∈Ω , where Ω indexes all predictions

across all FPN levels l ∈ {3, 4, 5}. For index i ∈ Ω, we define P id
i = (bbox id

i , sidi )
and P ood

i = (bbox ood
i , soodi ), where bbox i ∈ R4 denotes the bounding box coordi-

nates and si ∈ [0, 1]N denotes sigmoid probabilities over the N ID classes.
Both branches share the same classifier; the difference lies in how their fea-

tures are produced and how their losses are applied.
Losses. Let target i ∈ [0, 1]N be the soft target probability for the ith predic-

tion, generated by the TaskAlignedAssigner adopted in YOLO-World. For the
ID branch, we compute the standard Binary Cross Entropy (BCE) classification
loss between the soft targets and the predicted sigmoid probabilities:

Lid_cls =
∑
i∈Ω

BCE(sidi , target i), (6)

For the OOD branch, we apply the classification loss only on background
regions using the background mask constructed in Section 3.2. Since each predic-
tion P ood

i ∈ Pood is generated from a specific scale level l(i) and spatial grid loca-
tion (m(i), n(i)), its corresponding binary mask value mi = M

(m(i),n(i))
l(i) ∈ {0, 1}.

The OOD classification loss is formulated as:

Lood_cls =
∑
i∈Ω

mi BCE(s
ood
i , target i). (7)

This formulation masks out foreground predictions (mi = 0), ensuring that only
background predictions (mi = 1) contribute to the OOD loss.

Total objective. The overall training objective is defined as:

L = Ldet + αLood_cls, Ldet = Lid_cls + Lbox , (8)
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where α is a balancing coefficient (set to 3 by default), and Lbox represents the
standard bounding box regression loss computed exclusively on the ID branch.

3.4 Test-time OOD detection

Negative label guided OOD scoring (NegS). Existing OOD detectors often
employ energy-based scores defined on softmax logits [6, 21]. For example, the
energy used in VOS [6] is defined as:

E(P id) = − log

N∑
j=1

ez[j], S(P id) =
e−E(P id)

1 + e−E(P id)
, (9)

where z[j] is the predicted logits for ID class j prior to the softmax activation;
S(P id) is used as the final OOD score.

However, traditional energy scores are theoretically derived from the softmax
partition function (i.e., the denominator

∑
ez[j]), which assumes mutually exclu-

sive classes. In contrast, open-vocabulary VLM detectors typically employ inde-
pendent sigmoid activations for multi-label classification. Consequently, applying
softmax-based energy formulations to sigmoid logits is not directly compatible.
More importantly, conventional energy scores do not exploit the negative-label
semantics that we explicitly inject during training.

We therefore propose NegS, a sigmoid-based OOD scoring function assisted
by negative labels. Given ID and negative label sets Yid

N and Yneg
K , we compute

their respective text embeddings T id
N = T (Yid

N ) and Tneg
K = T (Yneg

K ). For each
predicted box P id = (bbox id, sid) ∈ Pid produced by the ID branch, we ad-
ditionally compute negative-label sigmoid scores s̃neg ∈ [0, 1]K using the same
ID-branch visual features and Tneg

K . NegS is defined as:

NegS(P id) = max
1≤j≤N

sid[j] − max
1≤k≤K

s̃neg[k]. (10)

A prediction strongly aligned with ID semantics yields a high first term, while a
prediction aligned with negative semantics yields a high second term. Thus, NegS
effectively separates ID objects from OOD or background regions by explicitly
modeling their relative separation.

4 Experiments

4.1 Implementation details.

Datasets. Following the experimental setting in [6], we employ PASCAL VOC [7]
and BDD100K [36] as the In-Distribution (ID) datasets, containing 20 and 10
categories, respectively. For the Out-of-Distribution (OOD) evaluation, we adopt
MS-COCO [18] and OpenImages [14], with overlapping categories removed to
ensure no intersection with the ID datasets.
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Table 1: Comparison with baseline models on OOD detection performance on
different in-distribution datasets. Best results are in bold. “YOLO-World” and
“GroundingDINO” means the original YOLO-World and GroundingDINO models with-
out modification. “YOLO-WorldCoOp” denotes incorporating CoOp learnable prompts
into YOLO-World and training only prompts on ID labels. “NegAS” denotes our pro-
posed method. ↑ (↓) denotes performance improvements compared with the baseline.
“YW” means YOLO-World and “GD” means Grounding DINO.

OOD Dataset

Method MS-COCO OpenImages mAP (ID)↑
FPR95↓ AUROC↑ FPR95↓ AUROC↑

V
O

C
T
ra

di
ti

on
al

D
et

ec
to

r

Energy [21] 56.9 83.7 58.7 83.0 -
Gram Matrices [28] 62.8 79.9 67.4 48.7 60.6
Generalized ODIN [10] 59.6 83.1 70.3 79.2 -
CSI [29] 59.9 81.8 57.4 83.0 59.5
Siren-vMF [4] 75.5 76.1 78.4 71.1 60.8
Siren-KKN [4] 64.8 78.2 66.0 74.9 60.8
SR-VAE [34] 42.2 90.3 46.3 87.9 -
DFFF [33] 41.3 90.8 44.5 88.7 -
SyncOOD [19] 36.4 86.5 13.3 95.4 -
WFS [35] 37.5 85.6 11.3 94.9 -
VOS [6] 47.5 88.7 51.3 85.2 60.3
SAFE [32] 47.4 80.3 20.1 92.3 60.8

V
L
M

YW(baseline) [3] 21.3 93.4 48.8 81.4 69.0
YWCoOp(baseline) 13.9 95.7 47.0 83.3 72.3
YW + NegAS 9.9↓11.4 95.9↑1.5 23.3↓25.5 92.6↑11.2 72.5
GD(baseline) [20] 11.7 96.8 33.4 91.8 63.8
GD+NegAS 7.2↓4.5 97.6↑0.8 24.3↓9.1 92.1↑0.3 66.1

B
D

D
T
ra

di
ti

on
al

D
et

ec
to

r

Energy [21] 60.1 77.5 55.0 80.0 -
Gram Matrices [28] 60.9 74.9 77.6 59.4 30.3
Generalized ODIN [10] 57.3 85.2 50.2 87.2 -
CSI [29] 47.1 84.1 37.1 88.0 29.9
Siren-vMF 67.5 80.1 66.3 79.8 31.3
Siren-KKN 54.0 86.6 47.3 89.0 31.3
SR-VAE [34] 32.2 90.7 21.8 93.6 -
DFFF [33] 30.7 90.7 22.7 92.5 -
SyncOOD [19] 22.7 95.4 13.0 96.3 -
WFS [35] 21.8 93.4 7.8 96.9 -
VOS [6] 44.3 86.9 35.5 88.5 31.1
SAFE [32] 32.6 89.0 16.0 94.6 31.2

V
L
M

YW(baseline) [3] 40.4 83.9 8.2 97.0 22.5
YWCoOp(baseline) 47.0 82.0 15.1 92.6 26.1
YW + NegAS 20.9↓19.5 92.0↑9.0 3.6↓5.4 98.7↑1.7 29.0
GD(baseline) [20] 21.2 94.4 21.6 94.2 23.6
GD+NegAS 17.8↓3.4 95.8↑1.4 11.5↓10.1 95.2↑1.0 25.2

Experimental settings. Our method is based on YOLO World [3], a re-
cent open-vocabulary detection framework. For fair comparison, all models are
trained under the same conditions unless otherwise specified.
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We evaluate the following configurations:

– YOLO World: The official YOLO World model without any additional train-
ing or modification.

– YOLO WorldCoOp: YOLO World equipped with learnable text prompts fol-
lowing CoOp [38], trained on two ID datasets using ID labels while keeping
all other parameters frozen.

– NegAS (ours): The proposed Negative Label Guided Attention and Scoring
method, trained on ID datasets using both ID and curated negative labels.

During training, with all other parameters except the prompts frozen, all
models are trained using the AdamW optimizer with a learning rate of 1e-2 for
30 epochs with batch size 160 on 4 NVIDIA V100 GPUs. The image resolution is
set to 640×640. For YOLO WorldCoOp and NegAS, we use prompt initialization
“a photo of ”, a total of three learnable prompt tokens, each with dimension 512.
We select 20 negative labels from over 200 LLM-generated candidates for VOC,
and 20 from over 300 candidates for BDD.
Evaluation metrics. Following standard OOD detection practice established
by prior works such as VOS [6], we report three metrics under the same evalua-
tion pipeline: FPR95 (↓): False Positive Rate at 95% True Positive Rate; AUROC
(↑): Area Under the Receiver Operating Characteristic curve; and mAP (ID) (↑):
Mean Average Precision on in-distribution data.

4.2 Comparison with baselines and existing methods

We first compare NegAS with two YOLO-World based baselines: the original
model without fine-tuning and the CoOp-augmented variant trained with learn-
able prompts. As shown in Table 1, NegAS consistently improves OOD detection
metrics on VOC and BDD datasets while maintaining competitive in-distribution
accuracy. On the PASCAL-VOC in-distribution dataset, NegAS achieves an
FPR95 reduction from 48.8% to 23.3% when the OOD dataset is OpenImages,
corresponding to an improvement of nearly 25%, and raises the AUROC from
81.4% to 92.6%. On OOD dataset MS-COCO, NegAS yields the lowest FPR95
(9.9%) and the highest AUROC (95.9%), outperforming both YOLO-World and
its CoOp-enhanced variant. Similarly, on the BDD dataset, NegAS also achieves
the best results.

4.3 Generalization to other VLM detectors

To demonstrate the architectural generalizability of NegAS, we extend our frame-
work to Grounding DINO, a query-based VLM detection transformer. Specifi-
cally, we introduce an auxiliary OOD branch parallel to the original architecture,
as illustrated in supplementary materials.

During training, the model is optimized using AdamW with a learning rate of
1e-4 for 20 epochs. Consistent with our YOLO-World implementation, learnable
prompts are initialized as “a photo of”, and Gaussian noise (σ = 0.05) is injected
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Table 2: Ablation study on the effectiveness of the proposed NegA and NegS compo-
nents. All variants are trained with learnable prompts. ✓ and ✗ denote the presence
and absence of each component, respectively.

ID D NegA NegS OOD: MS-COCO / OpenImages

FPR95↓ AUROC↑

VOC

✗ ✗ 13.9 / 47.0 95.7 / 83.3
✗ ✓ 11.4 / 33.3 96.2 / 88.8
✓ ✗ 11.8 / 41.8 96.4 / 84.4
✓ ✓ 9.9 / 23.3 95.9 / 92.6

BDD

✗ ✗ 47.0 / 15.1 82.0 / 92.6
✗ ✓ 43.6 / 12.2 82.9 / 94.5
✓ ✗ 25.3 / 7.2 91.1 / 97.3
✓ ✓ 20.9 / 3.6 92.0 / 98.7

into the text embeddings. During inference, the auxiliary OOD branch is dis-
carded to maintain efficiency. The negative labels bypass feature fusion entirely
and are used only with ID-label enhanced queries to compute NegS.

Unlike dense detectors, query-based models like Grounding DINO lack ex-
plicit absolute spatial information, making background mask construction com-
plex. The detailed background mask construction is provided in the supplemen-
tary materials. As shown in Table 1, NegAS significantly improves the OOD de-
tection performance of Grounding DINO, proving that our negative-label-guided
framework effectively generalizes well beyond dense VLM detectors.

4.4 Ablation study

Effectiveness of NegA and NegS. To better understand the contribution of
each component, we conduct ablation experiments summarized in Table 2. All
variants are trained with learnable prompts for a consistent comparison. Ap-
plying NegS consistently improves both AUROC and FPR95, confirming that
incorporating negative semantics into the scoring function leads to more dis-
criminative confidence estimation. The NegA module further enhances OOD
separation, as it leverages negative label guidance to excavate latent OOD infor-
mation. With both components combined, NegAS surpasses YOLO-World with
learnable prompts by a large margin, validating the complementary effect of
NegA and NegS in enhancing OOD detection robustness.

Comparison with softmax-based scoring functions. We compare NegS
with direct adaptations of softmax-based MCM and NegLabel-style scoring on
YOLO-World proposals. As shown in Table 3, NegS consistently improves FPR95
and AUROC over these scoring functions under the same detector setting, and
the full NegAS further reduces FPR95. This indicates that directly transferring
softmax-based OOD scoring is suboptimal for VLM detectors, which are based
on sigmoid-style classification scores.

Selection of negative labels. In Table 5, we ablate the generation strat-
egy and the number of negative labels. “object” means that the negative labels
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Table 3: Comparison with direct adaptations of MCM and NegLabel-style scor-
ing on YOLO-World proposals. Results are reported on VOC as ID and MS-
COCO/OpenImages as OOD datasets.

Method FPR95↓ AUROC↑

YW + MCM 32.3 / 56.3 86.4 / 75.7
YW + NegLabel 18.2 / 45.8 91.3 / 82.1
YW + NegS 13.5 / 38.8 94.7 / 83.6
YWCoOp + MCM 19.8 / 52.7 87.8 / 76.3
YWCoOp + NegLabel 13.3 / 42.7 94.5 / 87.4
YWCoOp + NegS 11.4 / 33.3 96.2 / 88.8
YW + NegAS 9.9 / 23.3 95.9 / 92.6

Table 4: Ablation on Gaussian noise standard deviation applied to negative text
embeddings, OOD loss coefficient α, and background mask. Results on VOC (ID) with
MS-COCO / OpenImages (OOD).

Std FPR95↓ AUROC↑

0.1 15.7 / 41.9 94.4 / 87.0
0.01 11.9 / 36.0 95.3 / 86.9
0.05 9.9 / 23.3 95.9 / 92.6
0.0 9.9 / 33.4 96.7 / 89.5

(a) Noise standard deviation.

α FPR95↓ AUROC↑

2 11.3 95.1
3 9.9 95.9
4 12.2 95.0

(b) OOD loss coefficient α.

Mask FPR95↓ AUROC↑

✓ 9.9 / 23.3 95.9 / 92.6
✗ 10.9 / 32.2 95.4 / 88.8

(c) Background mask.

contain only a single “object” category. “LLM” means that we prompt a large
language model to generate potential negative labels given the ID labels. “Cor-
pus” means that we select negative labels from a large-scale corpus database [30],
following the same procedure as in [12]. The results show that using a single “ob-
ject” already outperforms the baseline. Labels selected from the corpus further
improve the performance, but are still inferior to those chosen via the LLM.

Influence of negative label embedding noise and OOD loss factor.
We investigate the influence of Gaussian noise on negative label embeddings and
the OOD loss factor in Tables 4a and 4b. The benefit of the perturbation de-
pends on how well the selected negative labels cover the target OOD categories.
For VOC-COCO, the selected negative labels are closer to the COCO OOD cat-
egories, so the coverage is relatively sufficient and the perturbation brings lim-
ited gains. For VOC-OpenImages, the selected negative labels are farther from
the OpenImages OOD categories, so the perturbation helps expand the local
negative-label neighborhood. We observe that the OOD loss is very small. Con-
sidering that an appropriate amount of OOD correction is beneficial—insufficient
correction fails to take effect, while excessive correction may disturb the original
feature distribution—we investigate the influence of the OOD loss coefficient α.
Empirically, when α = 3, the method achieves the best performance.

Background mask. As shown in Table 4c, calculating OOD loss only on
background regions outperforms calculating the overall image, confirming that
foreground features modulated by ID and negative labels can conflict.
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Table 5: Ablation study on the type and the number of the negative labels. The ID
dataset is VOC.

OOD Dataset

Negative Label Number MS-COCO OpenImages

FPR95↓ AUROC↑ FPR95↓ AUROC↑

“object” 1 13.9 96.0 45.3 82.9

LLM [11]

1 12.9 96.2 42.3 85.1
5 12.4 95.5 38.7 86.0
10 13.6 84.9 40.6 85.2
20 9.9 95.9 23.3 92.6
30 15.5 93.8 38.2 87.4

Corpus [30]

1 12.7 96.1 45.5 83.0
5 12.2 96.3 44.1 83.7
10 13.7 95.8 45.0 84.2
20 11.7 96.6 42.4 85.0
30 12.0 95.8 40.8 84.6

Fig. 3: Feature heatmap comparison between YOLO-World and NegAS. The feature
maps are extracted from the neck layer.

4.5 Qualitative results

We visualized feature heatmaps in Figure 3 to illustrate the attention shift in-
troduced by NegA. The ID label enhanced feature maps show high responses on
ID classes (chair, TV, bird, dining table), while negative label guided attentions
focus on potential OOD regions (doll, desk, branch, bread). This demonstrates
that NegAS guides the model toward latent OOD information, helping to better
distinguish ID and OOD samples. Red regions indicate higher attention weights.
The ID label enhanced features (middle row) highlight ID object regions (e.g .,
chair, TV, bird, dining table), while the negative label guided features (bottom
row) focus on potential OOD regions (e.g ., doll, desk, branch, bread), demon-
strating NegA’s ability to attend to OOD-relevant background areas.
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5 Conclusion

In this paper, we explored the OOD problem for dense vision-language detection
models. First, we proposed Negative Label Guided Attention (NegA), which uses
negative labels generated by an LLM to guide the model to focus more on im-
portant OOD background regions. This enhances feature diversity and learns a
better decision boundary through prompt learning. Second, we introduced Neg-
ative Label Guided OOD Scoring (NegS) function during the testing phase. This
function is specifically designed for sigmoid-based VLMs and enables better dif-
ferentiation between ID and OOD samples. Finally, we generalized the proposed
NegAS to a query-based VLM detector to investigate the generalizability. Ex-
tensive experiments on multiple benchmarks demonstrated the effectiveness and
robustness of NegAS and its generalizability to query-based VLM detectors.
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