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Abstract

The introduction of negative labels (NLs) has proven ef-
fective in enhancing Out-of-Distribution (OOD) detection.
However, existing methods often lack an understanding of
OOD images, making it difficult to construct an accurate
negative space. Furthermore, the absence of negative labels
semantically similar to ID labels constrains their capability
in near-OOD detection. To address these issues, we pro-
pose shaping an Adaptive Negative Textual Space (ANTS)
by leveraging the understanding and reasoning capabilities
of multimodal large language models (MLLMs). Specifi-
cally, we cache images likely to be OOD samples from the
historical test images and prompt the MLLM to describe
these images, generating expressive negative sentences that
precisely characterize the OOD distribution and enhance
far-OOD detection. For the near-OOD setting, where OOD
samples resemble the in-distribution (ID) subset, we cache
the subset of ID classes that are visually similar to historical
test images and then leverage MLLM reasoning to generate
visually similar negative labels tailored to this subset, ef-
fectively reducing false negatives and improving near-OOD
detection. To balance these two types of negative textual
spaces, we design an adaptive weighted score that enables
the method to handle different OOD task settings (near-
OOD and far-OOD), making it highly adaptable in open
environments. On the ImageNet benchmark, our ANTS sig-
nificantly reduces the FPR95 by 3.1%, establishing a new
state-of-the-art. Furthermore, our method is training-free
and zero-shot, enabling high scalability. Codes are available
at https://github.com/ZhuWenjie98/ANTS.

1. Introduction
Deep neural networks (DNNs) have achieved remarkable
performance in classifying test samples that fall into the
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Figure 1. T-SNE visualization of the ID and OOD image features,
the text features of NegLabel [19], EOE [4], OOD ground-truth,
and the expressive negative sentences (ENS) of ANTS. We select
ImageNet and SUN as the ID and OOD datasets, respectively.
NegLabel and EOE lack a good understanding of OOD images,
resulting in a greater distance between the OOD images and the text
features. In contrast, our ANTS utilizes the MLLMs to understand
OOD images during ENS generation, reducing the distance between
ENS and OOD images and improving OOD detection performance.

training distribution [10, 12]. However, it is well-known
that DNNs tend to misclassify test samples from unknown
classes, which are often called out-of-distribution (OOD)
data [13]. Unfortunately, OOD data are inevitably encoun-
tered in open environments. Therefore, how to effectively
identify OOD data is crucial for the reliable deployment of
DNN models in open-world scenarios.

Traditional OOD detection methods in the image domain
primarily rely on visual modality information [16, 42, 45,
48]. For example, MSP [13] utilizes the maximum softmax
probability of a pre-trained vision model to detect OOD
images. Recently, multimodal knowledge has attracted in-
creasing attention in OOD detection [2, 19, 25, 30, 33, 34,
52, 57, 58]. In particular, NegLabel [19] introduces negative
labels (NLs) by mining words that are semantically distant
from in-distribution (ID) labels, and identifies OOD images
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(a) MLLM Test Time Understanding and Reasoning 
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Figure 2. (a) Current MLLM improve their reasoning abilities by
test time understanding and reasoning through chain-of-thought
(CoT) prompting. (b) In our work, we leverage the test time under-
standing and reasoning capabilities of MLLM during inference to
help visual-language models perform better on OOD detection.

by comparing their similarities to NLs and ID labels. Similar
approaches generate NLs by prompting LLMs [4] or modi-
fying superclass names [5]. Although these methods have
achieved promising performance, they suffer from three key
limitations. First, due to the lack of understanding of OOD
images, the NLs are positioned far from the OOD image, as
illustrated in Fig. 1. Second, these methods struggle with
the challenging near-OOD setting, where OOD samples are
semantically close to ID labels. NegLabel focuses on gen-
erating NLs that are semantically distant from ID classes,
inherently overlooking such cases. While EOE [4] intro-
duces visually similar labels for all ID classes to address this
problem, it neglects the fact that OOD samples are typically
similar to only a subset of ID classes, resulting in many false
negative labels (see Fig. 6a). Third, these methods rely
on the strong assumption that the target task setting (e.g.,
near OOD or far OOD) is known in advance, allowing for
the tailored design of NL generation rules. However, this
assumption limits their applicability in complex, unknown,
and dynamically changing open environments.

To address these challenges, we propose to shape an
Adaptive Negative Textual Space (ANTS) by harnessing
the understanding and reasoning capabilities of multimodal
large language models (MLLMs) [1, 23, 28], as shown in
Fig. 2. Specifically, we introduce expressive negative sen-
tences (ENS), which effectively capture fine-grained details
of OOD images. These negative sentences are generated
by prompting MLLMs to describe online-mined negative
images, leveraging their multimodal understanding capabil-
ities and significantly enhancing the traditional far-OOD
detection. While ENS shows greater expressive power in
identifying far-OOD samples, it faces challenges in handling
the near-OOD setting, where OOD samples are semantically
close to certain ID classes. To address this, we dynamically
identify the subset of ID classes most similar to the negative
images and utilize the reasoning capabilities of MLLMs to

construct visually similar negative labels (VSNL) tailored
for this subset. This targeted approach reduces false negative
labels and improves performance in the near-OOD setting
(see Fig. 6a). Finally, to ensure adaptability across diverse
task settings in open environments, we introduce an adaptive
weighted score function to balance the two distinct negative
textual spaces. This dynamic mechanism enables the model
to seamlessly handle both near-OOD and far-OOD scenarios
without prior knowledge of the task settings. The overall
framework is presented in Fig. 3.

We conduct extensive experiments to validate the advan-
tages of our ANTS method. On the large-scale ImageNet
dataset, our approach significantly reduces FPR95 by 3.1%
and 3.25% in the far-OOD and challenging near-OOD detec-
tion settings, respectively. Moreover, our method operates in
a zero-shot and training-free manner, demonstrating strong
scalability across different MLLMs. We summarize our
contributions as follows:
• We identify three limitations of existing NLs-based meth-

ods: (1) lack understanding of OOD images; (2) struggle
to address the challenging near-OOD setting, where OOD
samples are semantically close to ID labels; (3) rely on
the strong assumption that the target task setting (e.g.,
near-OOD or far-OOD) is known in advance.

• To overcome these limitations, we propose the ANTS
approach by leveraging the understanding and reasoning
capabilities of MLLMs. Specifically, we (1) introduce two
strategies including Negative Images Mining and Visually
Similar ID-Classes Mining to avoid interference from ID
noise and generate false negative labels; (2) design two
types of prompt for MLLMs to generate expressive nega-
tive sentences and visually similar negative labels; and (3)
design an adaptive weighted score to dynamically balance
these two text spaces in open environments.

• Extensive experiments are conducted to validate the pro-
posed components. Our method demonstrates new state-
of-the-art performance on both near-OOD and far-OOD
detection tasks. Our method is training-free, zero-shot,
and does not require any auxiliary outlier images.

2. Related Work

Traditional OOD Detection. Traditional OOD detection
methods can be categorized into the following groups: (1)
classification-based methods [9, 13–15, 18, 22, 26, 27, 29,
31, 35, 36, 39, 41, 42, 49, 53, 56] that distinguish ID and
OOD samples by designing a score function; (2) density-
based methods [17, 37, 46, 61] that detect OOD samples by
evaluating the likelihood or density of test data derived from
probabilistic models; (3) distance-based methods [32, 54]
that detect OOD samples by measuring their deviation from
in-distribution class prototypes.

OOD Detection with Vision Language Model. VLM-
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Figure 3. The overall framework of our ANTS. ANTS framework consists of in three stages: (1) caching negative images and visually
similar ID classes mined from historical test images; (2) shaping two negative textual spaces by prompting an MLLM with the cached data to
generate expressive negative sentences and visually similar labels; and (3) performing online evaluation of the test image using an adaptively
weighted combination of these textual spaces.

based OOD detection methods can be broadly categorized
into two settings: few-shot and zero-shot. Few-shot meth-
ods enhance OOD detection by using negative prompts to
define boundaries between ID and OOD images [2, 25, 34],
or by integrating non-ID or local ID regions for regu-
larization [21, 33]. For zero-shot OOD detection, some
works [20, 30, 51, 57, 60] design post-hoc strategies that
utilize softmax scores or image feature information during
testing. Some methods [47, 58] leverage auxiliary datasets
to strengthen the detection of OOD samples. Other ap-
proaches [4, 5, 7, 11, 19, 36] retrieve negative labels from
corpus databases or generating them using LLMs. However,
these NLs methods lack understanding of actual OOD im-
ages, the semantic gap with OOD images limits their OOD
detection capabilities.

3. Preliminary

OOD Detection Setup. Denote by X the image space and
Y = {y1, . . . , yN} the ID label space, with examples Y =
{cat, dog, . . . , bird} and N denoting the total number of
classes. Given xin ∈ X as the ID random variable and
xood ∈ X as the OOD random variable, we denote their
respective distributions as Pxin

and Pxood
. In closed-set

scenarios, a test image x is expected to belong to one ID
class, i.e., x ∈ Pxin

and y ∈ Y , where y is the label of x.
However, in real-world scenarios, AI systems may encounter
samples that do not match any known class, i.e., x ∈ Pxood

and y /∈ Y , resulting in potential misclassifications and

safety concerns [40]. To tackle these issues, OOD detection
aims to distinguish ID and OOD samples using a scoring
function S:

Gγ(x) =

{
ID S(x) ≥ γ,

OOD S(x) < γ,
(1)

where Gγ is the OOD detector with threshold γ.
OOD Detection with NLs. Enhancing OOD detection with
textual knowledge has recently garnered increasing attention
[30, 47, 57], while a representative type of approach intro-
duces NLs [4, 19]. Specifically, in addition to the ID labels
Y , these methods introduce a disjoint set of NLs Y− and
classify a test sample as OOD if it exhibits high similarity
to NLs and low similarity to ID labels. In this process, the
quality of NLs is crucial. The pioneering method, NegLabel
[19], selects words with large cosine distance to ID labels in
a large corpus dataset Yc = {ỹ1, ỹ2, . . . , ỹK} as NLs:

Y−
nl = Gdis(Y,Yc, fclip,M), (2)

where the CLIP-like model fclip defines the label similarity
space. K and M represent the numbers of candidate labels
in Yc and the selected NLs in Y−

nl, where M ≤ K. Another
representative work, EOE [4], uses prompts to guide an LLM
to generate NLs:

Y−
eoe = Gllm(Y, fllm, ρneg,M), (3)

where ρneg is a carefully designed textual prompt for the
LLM fllm. Given the generated NLs (e.g., Y−

nl [19]), the



score function for OOD detection can be formulated as:

Snl(v) =

∑
y∈Y ecos(v,t)/τ∑

y∈Y ecos(v,t)/τ +
∑

y−∈Y−
nl
ecos(v,t−)/τ

,

(4)
where τ > 0 is the temperature scaling parameter. v ∈ RD

represents the test image feature, while t ∈ RD and t− ∈
RD denote the text features of ID labels y ∈ Y and NLs
y− ∈ Y−

nl, respectively, where D is the feature dimension.

4. Methodology
4.1. Motivation
Although NegLabel [19] and EOE [4] have advanced OOD
detection using NLs, they face three key limitations: (1)
lacking of understanding of OOD images, as shown in Fig.1;
(2) poor performance in near-OOD settings due to false neg-
atives by neglecting visually similar classes; and (3) reliance
on prior task knowledge, limiting adaptability in open envi-
ronments. This motivates us to raise the following question:

Can we leverage the test time understanding and reason-
ing capabilities of MLLMs to shape a more accurate and
comprehensive negative textual space?

In this work, we attempt to answer this question by design-
ing different prompts for MLLMs to leverage their test-time
understanding and reasoning capabilities for OOD detection,
as shown in Fig.2. The overall pipeline of our method is
illustrated in Fig. 3.

4.2. Expressive Negative Sentences
Negative Images Mining. We leverage the image under-
standing capabilities of MLLMs to generate expressive neg-
ative sentences by describing negative images, which are
historical test images likely to be OOD samples. We identify
these negative images using the OOD detector of NegLabel,
where historical test images with Snl(x) < γ are selected as
negative images:

Xneg = {x | Snl(x) < γ, x ∈ X his
test}, (5)

where X his
test denotes the historical test data. We find that man-

ually defining a fixed γ is challenging for handling different
testing scenarios, as the optimal threshold varies between
different OOD datasets, as analyzed in Fig. 6b. To address
this issue, we develop an adaptive threshold determination
strategy based on the characteristics of the historical test data.
Specifically, we filter out historical test samples with high
Snl scores using Eq. 5, as these samples are highly likely
to be ID samples. For the remaining negative images X̂neg,
which fall into a mixed set of ID and OOD samples, we
select a proportion η of images with the lowest Snl scores,
and the adaptive threshold γ∗ can be formulated as:

Xneg = Top(X̂neg,Onl, η), γ
∗ = max

x∈Xneg

Snl(x), (6)

A: A boat on water under a cloudy sky.

Q: Provide a short and concise description of this image 

under eight words; don’t include the ‘𝑦𝑖 ’.

Figure 4. Expressive Negative Sentences, where yi represents the
predicted ID label of the negative image.

A: ‘Donut’, ‘Pastry’, ‘Muffin’, ‘Bread’,‘Croissant’

Q: Given the provided image and the class name '𝑦𝑖 ', 
please suggest five different class names that share 

similar visual features with both the image and '𝑦𝑖 ′. 

Figure 5. Visually Similar Negative Labels, where yi represents
the predicted ID label of the negative image.

where Onl = {−Snl(x) | x ∈ X̂neg}, and η ∈ (0, 1)
determines the selection ratio. Here, function Top(A,B, η)
selects a proportion of η indices with the highest values in
set B, and then retrieves the corresponding images from
set A based on these indices. Since this approach relies on
the distribution of Onl, it is equivalent to using an adaptive,
data-dependent threshold γ, as illustrated in Fig. 6b.
ENS Generation and Score. With the mined negative im-
ages Xneg, we introduce the expressive negative sentences
as follows:

Y−
ens = Gens(Y,Xneg, fmllm,M), (7)

where Gens is the negative sentence generation process de-
tailed in Fig. 4. If |Xneg| ≥ M , we randomly select M
sentences. Otherwise, we repeat the prompting process to
generate M negative sentences. With the expressive negative
sentences, we introduce the following negative score:

Sens(v) =

∑
y∈Y ecos(v,t)/τ∑

y∈Y ecos(v,t)/τ +
∑

y−∈Y−
ens

ecos(v,t−)/τ
.

(8)

4.3. Visually Similar Negative Labels
The expressive negative sentences introduced above can en-
hance the detection of far-OOD samples by describing nega-
tive images in detail. However, they struggle to distinguish
ID samples from visually similar near-OOD data, as both
conform to the sentence descriptions. To address this lim-
itation, we prompt the MLLM to generate visually similar
labels for the ID labels:

Y−
vsl = Gvsnl(Y,X his

test, fmllm,M), (9)

where Gvsnl represents the visually similar label generation
process, as illustrated in Fig. 5.
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differently on far and near OOD, providing clues for designing an adaptive weight λ in Eq. 13.

Visually Similar ID-Classes Mining. While these visually
similar labels cover the near-OOD regions, they typically in-
clude false NLs. Specifically, OOD data may only be similar
to a subset of ID classes, while being distant from others.
These visually similar NLs derived from OOD-unrelated ID
classes are also far from OOD samples, thereby introduc-
ing false NLs and disturbing OOD detection, as intuitively
shown in Fig. 6a. To address this issue, we first identify the
subset of ID labels most similar to the OOD samples:

F (yi) =
|{x ∈ X his

test | H(x) = yi}|
|X his

test|
, ∀yi ∈ Y,

Y ′ = Top (Y, F (Y), δ) ,

(10)

where H(x) is the CLIP-based ID classifier with ID text
features as weight, | · | measures the set size, F (yi) repre-
sents the proportion of historical test images in X his

test being
classified as yi ∈ Y , F (Y) is the collection of F (yi), and
δ ∈ (0, 1) serves as the selection ratio.
VSNL Generation and Score. After getting these filtered
ID labels that share high similarity with negative images, we
introduce the following visually similar negative labels:

Y−
vsnl = Gvsnl(Y ′,X his

test, fmllm,M). (11)

These visually similar negative labels adaptively capture the
characteristics of the target OOD distribution, reducing false
negative labels and resulting in the following score function:

Svsnl(v) =

∑
y∈Y ecos(v,t)/τ∑

y∈Y ecos(v,t)/τ +
∑

y−∈Y−
vsnl

ecos(v,t̂
−)/τ

,

(12)
where t̂− is the text feature of y− ∈ Y−

vsnl.

4.4. Adaptive Weighted Score
Existing OOD detection methods rely on the assumption
that the testing scenario (near-OOD or far-OOD) is human

defined beforehand, but in real-world applications, this as-
sumption often fails due to the dynamic nature of open envi-
ronments. To address this, we propose an adaptive weighting
strategy to balance these two scoring functions with an adap-
tive weight λ ∈ [0, 1]:

Sada(v) = λSens(v) + (1− λ)Svsnl(v). (13)

The weight λ adjusts dynamically based on the environment,
approaching 1 in far-OOD scenarios to prioritize Sens(v),
and 0 in near-OOD scenarios to emphasize Svsnl(v).

We design the adaptive weight λ by leveraging the perfor-
mance differences of Sens(v) and Svsnl(v) on near and far
OOD data. Specifically, ENS effectively characterizes far
OOD samples, but its coarse-grained descriptions struggle
to distinguish near OOD from ID samples, resulting in lower
scores for far OOD samples and higher scores for near OOD
samples. Conversely, VSNL better captures near OOD sam-
ples but, due to its ID-similarity, produces false negatives for
far OOD samples, leading to higher scores for far OOD sam-
ples and lower scores for near OOD samples, as illustrated
in Fig. 6c. Based on this observation, we define λ as:

λ = F

 1

|Xneg|
∑

v∈Xneg

Sens(v),
1

|Xneg|
∑

v∈Xneg

Svsnl(v)

 ,

(14)

where F (a, b) = 1−a
(1−a)+(1−b) ∈ (0, 1). One

can see that when 1
|Xneg|

∑
v∈Xneg

Sens(v) >
1

|Xneg|
∑

v∈Xneg
Svsnl(v), λ approaches 0; otherwise,

λ approaches 1. The algorithm is summarized in Alg. 1.

5. Experiments
5.1. Experiment Setup
Datasets and benchmarks. Following [16], we select
ImageNet-1K [8] as the ID dataset and use iNaturalist [43],



Table 1. OOD detection results by using ImageNet-1k as ID dataset. ViTB/16 is used as the encoder. The results of traditional methods are
available in the supplementary materials.

OOD datasets
Methods INaturalist SUN Places Textures Average

AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓

Training-required (or with Fine-tuning)
MSP [13] 87.44 58.36 79.73 73.72 79.67 74.41 79.69 71.93 81.63 69.61
ZOC [11] 86.09 87.30 81.20 81.51 83.39 73.06 76.46 98.90 81.79 85.19
CLIPN [47] 95.27 23.94 93.93 26.17 92.28 33.45 90.93 40.83 93.10 31.10
LSN [34] 95.83 21.56 94.35 26.32 91.25 34.48 90.42 38.54 92.26 30.22
LoCoOp [33] 93.93 29.45 90.32 41.13 90.54 44.15 93.24 33.06 92.01 36.95
ID-Like [2] 98.19 8.98 91.64 42.03 90.57 44.00 94.32 25.27 93.68 30.07
NegPrompt [25] 90.49 37.79 92.25 32.11 91.16 35.52 88.38 43.93 90.57 37.34
SCT [52] 95.86 13.94 95.33 20.55 92.24 29.86 89.06 41.51 93.27 26.47
LAPT [58] 99.63 1.16 96.01 19.12 92.01 33.01 91.06 40.32 94.68 23.40
CMA [20] 99.62 1.65 96.36 16.84 93.11 27.65 91.64 33.58 95.13 19.93
SynOOD [24] 99.57 1.57 95.82 20.46 97.37 12.12 95.29 22.94 97.01 14.27

Zero Shot (No Training Required)
MCM [30] 94.59 32.20 92.25 38.80 90.31 46.20 86.12 58.50 90.82 43.93
CoVer [55] 95.98 22.55 93.42 32.85 90.27 40.71 90.14 43.39 92.45 34.88
EOE [4] 97.52 12.29 95.73 20.40 92.95 30.16 85.64 57.63 92.96 30.09
NegLabel [19] 99.49 1.91 95.49 20.53 91.64 35.59 90.22 43.56 94.21 25.40
OODD [51] 99.36 2.22 95.01 21.49 87.10 44.76 93.27 30.69 93.69 24.79
AdaNeg [57] 99.71 0.59 97.44 9.50 94.55 34.34 94.93 31.27 96.66 18.92
CSP [5] 99.60 1.54 96.66 13.66 92.90 29.32 93.86 25.52 95.76 17.51
ANTS 99.75 0.54 98.77 5.43 96.10 20.21 96.38 18.52 97.75 11.20

Algorithm 1 Adaptive Negative Textual Space Shaping

Require: ID label space Y , stream of testing batches
{Xt}Tt=1.

1: Initialize ENS space Y−
ens and VSNL space Y−

vsnl with
Y−
nl of Eq. 2.

2: for each incoming batch Xt do
3: Filter historical test samples with Snl using Eq. 5;
4: Collect negative images Xneg with implicit and adap-

tive threshold using Eq. 6;
5: Generate expressive negative sentences Y−

ens with the
MLLM using Eq. 7; // ENS Generation

6: Identify ID label subset similar to historical test im-
ages using Eq. 10;

7: Generate visually similar negative labels Y−
vsnl with

MLLM using Eq. 11; // VSNL Generation
8: Compute ENS scores Sens and VSNL scores Svsnl

using Eq. 8 and Eq. 12, respectively;
9: Calculate the dynamic weighting λ using Eq. 14;

10: Get the final score Sada by weighting the two scores
using Eq. 13. //Adaptive Weighted Score

11: end for
12: Output Collected score Sada.

SUN [50], Places [59], and Textures [6] as the OOD test
datasets. We also validate our method on the OpenOOD

benchmark, which contains SSB-hard [44] and NINCO [3]
as near-OOD datasets, and iNaturalist [43], Texture [6], and
OpenImage-O [46] as far-OOD datasets.
Implementation Details. We use the visual encoder of ViT-
B/16 pretrained by CLIP [38]. We adopt the LLaVA-1.5-7B
model as the default MLLM for our research, Following
NegLabel [19], we adopt the text prompt of ‘The nice <la-
bel>.’, set temperature τ =0.01, and define the number M of
negative labels as 10000 with group size 100. Additionally,
we set the initial threshold γ = 0.9 and set η = 0.5. Our
method follows a test-time adaptation setting as [57].
Evaluation Metrics. We employ two standard metrics to
evaluate OOD detection: the false positive rate (FPR95),
which measures the rate of OOD samples when the true
positive rate for ID samples is at 95%, and the area under
the receiver operating characteristic curve (AUROC).

5.2. Main Results
ImageNet-1k Benchmark. The results are shown in Tab. 1.
We can see that other CLIP-based training-based meth-
ods [2, 25, 33, 34, 47, 52, 58] learn a negative branch or
prompts by synthesizing negative samples, but they often
fail to reflect the true OOD space. Other NL-based meth-
ods [4, 5, 19] directly retrieve negative labels from corpus
datasets or generate them using LLMs, but they lack su-
pervision from auxiliary OOD images. ANTS consistently



Table 2. OOD detection results of zero-shot methods on the
OpenOOD benchmark. ImageNet-1k is adopted as ID dataset.
Detailed results are available in the supplementary materials.

Methods
FPR95 ↓ AUROC ↑

Near-OOD Far-OOD Near-OOD Far-OOD

MCM [30] 79.02 68.54 60.11 84.77
NegLabel [19] 68.18 27.34 76.92 93.30
EOE [4] 82.93 46.73 66.94 89.14
AdaNeg [56] 67.51 17.31 76.70 96.43
SynOOD [24] 71.68 17.11 77.55 96.21
ANTS 60.98 15.38 82.15 96.50

Table 3. OOD detection performance on other ID datasets.

ID Dataset Method AUROC↑ FPR95↓

CUB-200-2011
NegLabel [19] 99.93 0.13
ANTS (Ours) 99.95 0.01

STANFORD-CARS
NegLabel [19] 99.99 0.01
ANTS (Ours) 99.99 0.00

Food-101
NegLabel [19] 99.90 0.40
ANTS (Ours) 99.92 0.05

Oxford-IIIT Pet
Neglabel [19] 99.62 1.70
ANTS (Ours) 99.99 0.02

achieves remarkable improvements, which demonstrates the
advantages of utilizing the understanding capabilities of
MLLMs to shape a more accurate NL space. Compared
with other test-time adaptation methods [51, 57], which
store test images in memory to calculate the image proxy
score and then combine the scores from both modalities,
ANTS uses a text-only score to eliminate the modality gap
when calculating the OOD score with ID classes, leading to
better OOD detection results.
OpenOOD Benchmark. The results are shown in Tab. 2.
Though the NL-based methods [4, 19] can handle small-scale
near-OOD scenarios (e.g., using ImageNet-10 and ImageNet-
20 as ID and OOD data, respectively), these methods that
selects semantically distant negative labels struggle to han-
dle large-scale near-OOD scenarios such as using ImageNet-
1k as ID. However, EOE [4], while using LLMs to gener-
ate visually similar labels, suffers from a growing number
of false negatives with increasing ID classes. ANTS first
identifies a subset of ID classes similar to OOD images, as
shown in Fig. 6a, then it leverages the reasoning capabil-
ities of MLLMs to generate visually similar labels. As a
result, ANTS significantly outperforms its closest competi-
tors [4, 19, 57] in both near-OOD and far-OOD scenarios,
validating its scalability.
Results of other ID datasets. As shown in Tab. 3, our ANTS
consistently surpasses existing methods in zero-shot OOD
detection method NegLabel[19] across all in-distribution
(ID) datasets. We also validate the robustness of ANTS

Table 4. Ablation experiments. ‘NIM’ indicates the Negative Image
Mining strategy in Eq. 6, and ‘SIM’ means the Visually Similar
ID-Classes Mining strategy in Eq. 10.

Components FPR95 ↓
NIM Y−

ens SIM Y−
vsnl Sada(v) NearOOD FarOOD

NegLabel[19] 68.18 27.34

A % ! % % % 74.48 43.87
B ! ! % % % 73.70 19.22

C % % % ! % 74.36 53.82
D % % ! ! % 63.11 23.44

E ! ! ! ! % 62.05 21.65
F ! ! ! ! ! 60.98 15.38

to Domain Shift and Adversarial Examples, the detailed
results are available in the supplementary materials.

5.3. Analyses and Discussions
Ablation Study. As illustrated in Tab. 4, it is necessary to in-
troduce ENS Y−

ens with mined negative images, as validated
by the advantages of setting B over A in the far-OOD setting.
Setting B significantly outperforms NegLabel, confirming
the superiority of ENS over NLs. Generating visually similar
labels to the mined ID class subset can significantly reduce
false negative labels, as justified by the advantages of setting
D over C. Combining ENS with VSNL by setting λ = 0.5
balances the results across different OOD sets, as shown in
setting E, while using an adaptive λ leads to the best results
in both OOD scenarios, as shown in setting F.
Analyses on initial OOD detectors. Besides NegLabel, we
also tested two other variants: (1) a weak MCM detector,
and (2) a cosine-distance filter that selects negative far from
ID labels in the feature space. As shown in Fig. 7a, even
with these weaker detectors, our method still outperforms
previous SOTA baseline.
Analyses on the lengths of negative sentences. Due to the
hallucination issue in MLLMs, we analyzed the length of
generated negative sentences. As shown in Fig. 7b, appro-
priate increases in length enhance expressiveness and OOD
detection, while excessive text introduces less discrimina-
tive words and hinders performance. Our ENS achieves an
optimal balance at an average length of 8.4.
Ratio δ. As shown in Fig. 7c, generating visually simi-
lar labels for all ID classes ( δ = 1) performs poorly due
to numerous false negative labels, as illustrated in Fig. 6a.
However, using a too small δ will fail to adequately cover
the OOD distribution. We set δ = 0.08 in all experiments,
although it is not optimal for specific datasets.
Weight λ. As shown in Fig. 7d, a larger λ emphasizes
the Sens(x) score, improving far-OOD detection, while a
smaller λ prioritizes the Svsnl(x) score, enhancing near-
OOD detection. Our adaptive strategy automatically selects
a suitable λ for various OOD settings.
Different Backbones. As illustrated in Fig. 7e, larger vi-
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Figure 7. Analysis on (a) different initial OOD detectors, (b) the lengths of negative sentences, (c) selection ratio δ, (d) weight λ, (e) CLIP
image encoder backbones, (f) MLLMs prompts, and (g) different MLLMs. (h) Temporal shift. We use Texture [6] and NINCO [3] datasets
as Far-OOD and Near-OOD, respectively.

sual backbones generally achieve improved OOD detection.
Besides, our ANTS can generalize well to various VLM
backbones, demonstrating its robustness.
Different Prompts for MLLMs. We designed two alter-
native prompts: an inexpressive prompt that limits negative
image descriptions to under three words, and a dissimilar
prompt that requests negative categories visually distinct
from high-frequency ID classes. As shown in Fig. 7f, OOD
detection performance declines with both alternatives, con-
firming our proposed prompts’ efficacy.
Various MLLMs. When constructing the adaptive negative
space, MLLMs of all sizes showed comparable far-OOD
detection, but larger models excelled in near-OOD settings.
As shown in Fig. 7g, LLaVA-7B performed best, owing to
stronger reasoning.
Analysis of Temporal Shift. We evaluated ANTS under
different temporal shifts. As shown in Fig. 7h, "Near-to-Far"
and "Far-to-Near" indicate testing first on near (or far) OOD,
then on the opposite, ANTS maintains strong performance,
demonstrating robustness to temporal shift.
Complexity Analyses. As analyzed in Tab. 5 and Tab. 6,
ANTS requires no learnable parameters. Although individual
MLLM calls (ENS/VSNL) have higher latency, they are only
selectively triggered for a small subset of samples. By amor-
tizing these costs and utilizing a compact MLLM, ANTS
maintains a competitive inference speed of 2.84 ms/image,
as most samples are processed solely by the CLIP encoder.

Table 5. Latency (ms) breakdown (ImageNet).

Modules ENS VSNL CLIP Others

Per-call Latency 72.55 28.75 2.59 0.02
Avg. Latency/Img 0.18 0.06 2.59 0.02

Table 6. Complexity analyses. All results are obtained by using a
GeForce RTX 3090 GPU.

Methods Train Time Latency (ms) Param. (M)
ZOC > 24 h 5.38 336
CLIPN > 24 h 2.53 37.8
EOE - 2.78 -
NegLabel - 2.61 -
AdaNeg - 2.70 -
ANTS - 2.84 -

6. Conclusion and Future Work
This paper presents ANTS, a training-free, zero-shot frame-
work for out-of-OOD detection. We first investigate three
limitations of existing NLs methods. To address these issues,
ANTS caches negative images and visually similar ID classes
from historical test images, leveraging test-time MLLM un-
derstanding and reasoning through tailored prompts to con-
struct a more accurate adaptive negative textual space. Two
noise-filtering strategies are introduced to mitigate interfer-
ence from ID noise and false negative labels. Finally, an
adaptive scoring mechanism dynamically balances the two
textual spaces, enhancing the framework’s scalability across
diverse OOD scenarios. Experimental results demonstrate
that ANTS achieves state-of-the-art performance on zero-
shot OOD detection benchmarks.

One minor limitation of our approach is that utilizing
the MLLM model during testing necessitates GPU memory.
More efficient utilization of MLLMs during the testing phase
presents a meaningful direction for future work.
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