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Abstract. Recent advancements in foundation models, particularly Vis-
ual-Language Models (VLMs) have enabled effective zero-shot Out-of-
distribution (OOD) detection. Existing methods attempt to generate the
names of OOD classes similar to ID classes to explore the textual space
of VLMs. However, they fail to integrate relevant in-distribution (ID)
information to reveal specific OOD features, thus limiting the distinc-
tion between ID and OOD classes. To address this issue, we propose a
novel zero-shot OOD detection approach by leveraging LLMs to capture
nuanced textual features of both ID classes and their OOD counter-
parts, enabling VLMs to focus on specific regions of images and im-
prove zero-shot OOD detection performance. Specifically, we prompt
LLMs with extensive world knowledge to generate descriptive terms for
ID classes. Moreover, LLMs are also employed to generate the names
of challenging OOD classes and detailed descriptions that distinguish
OOD from ID classes, significantly improving the separation between
ID and OOD classes. Subsequently, a score is designed by adjusting
the confidence of the ID classes to detect OOD samples. Experiments
demonstrate that our method achieves state-of-the-art (SOTA) perfor-
mance on multiple OOD detection benchmarks. The code is available at
https://anonymous.4open.science/r/zs-clip-ood-859E.

Keywords: Out-of-distribution Detection · Zero-shot Learning · Multi-
modal Data.

1 Introduction

Machine learning models trained only on ID data often perform well in con-
trolled settings. However, these models frequently misclassify OOD data as ID
in open-world environments [1–6]. In classification tasks, failing to recognize
OOD samples can lead to severe consequences, particularly in critical fields such
as autonomous driving [7, 8] and medical diagnostics [9]. Therefore, detecting
and excluding OOD data is essential for maintaining the reliability and safety
of these systems.

Previous works focus on analyzing the uncertainty of the model’s predictions
to determine whether a sample belongs to an unknown class [10–14]. In the



2 Dian Chao et al.

ID: Sheep

OOD: Deer

⚫ Small head

⚫ Long legs and a slender body

⚫ Long neck and snout

Common features 

(Sheep and Deer)

Specific features (Sheep)

⚫ Brown fur, some with white spots

⚫ Forked horns

⚫ Common in forest and mountain 

Specific features (Deer)

⚫ White wool

⚫ Common in grasslands and farms

Similarity between image and text

Sheep image compared to “a photo of sheep” with

⚫ Common features: 30.98

⚫ Specific features: 31.76

⚫ Common features + specific features: 32.17

Sheep image compared to “a photo of deer” with

⚫ Common features: 25.47

⚫ Specific features: 24.44

⚫ Common features + specific features: 25.34

Deer image compared to “a photo of deer” with

⚫ Common features: 29.61

⚫ Specific features: 30.68

⚫ Common features + specific features: 30.57

Deer image compared to “a photo of sheep” with

⚫ Common features: 24.91

⚫ Specific features: 19.39

⚫ Common features + specific features: 20.88

Fig. 1. Similarity between Images of Sheep/Deer and Descriptive Texts:
Comparison of Common and Specific Features. ‘Specific features’ refer to the
unique characteristics of sheep or deer, while ‘common features’ represent the shared
traits. The left side shows the similarity scores between images of sheep/deer and text
descriptions that include ‘common’, ‘specific’, or ‘common+specific’ features. For each
image, we aim to maximize similarity with the corresponding class description while
minimizing similarity with descriptions of unrelated classes.

field of image analysis, early approaches rely on the model’s ability to extract
image features but lack the utilization of textual information associated with
the categories [15, 16]. With the development of foundation models, VLMs [17]
exhibit strong generalization capabilities after being trained on large-scale image-
text pairs. In recent years, an increasing number of works [18, 19] have focused
on leveraging textual modality features for OOD detection using VLMs. These
approaches demonstrate superior performance compared to previous OOD de-
tection methods. However, these methods primarily utilize ID class names and
lack comprehensive exploitation of the textual modality. Recent works have be-
gun to explore more extensive information from the textual modality. Several
approaches [15, 16] endeavor to generate OOD class names using resources such
as WordNet [20], whereas others [21] leverage LLMs [22] to produce semantic
descriptions for ID classes.

In practical scenarios, this approach often fails with hard OOD samples due
to their high similarity to ID samples. Leveraging VLMs’ ability to align tex-
tual and visual features, we prompt LLMs to generate OOD descriptions and
measure their similarity to images. Possibly, here give an example of a common
feature and an example of a specific feature by combining descriptive terms (e.g.,
“a photo of a sheep with white wool, commonly found in grasslands and farms")
and computing similarity with both sheep and deer images, we observe that com-
mon features lead to misclassification. In contrast, more specific features help
reduce it. Acquiring such fine-grained textual descriptions of OOD classes can
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significantly enhance OOD detection performance. Unfortunately, large lexical
databases like WordNet, while useful for constructing categorical relationships,
lack the contextual specificity needed to capture specific features for each cate-
gory. With the advancement of LLMs trained on extensive text datasets, these
models have acquired broad knowledge and the capability to analyze relation-
ships and distinctions between categories. In this paper, we harness the power
of LLMs to generate fine-grained textual descriptions.

This work introduces a method that utilizes LLMs to generate names for hard
OOD classes resembling ID classes while systematically excluding synonyms and
near-synonyms through similarity calculations. To enhance VLMs’ OOD detec-
tion capacities, fine-grained descriptions are generated by simultaneously con-
sidering both ID and OOD class names. Specifically, this work uses LLMs to
generate descriptions for ID classes. Subsequently, LLMs are also employed to
generate OOD classes that are prone to be misclassified as the given ID classes,
along with specific features that distinguish these hard OOD classes from their ID
counterparts. This approach aims to maximize the separation of textual feature
spaces between hard OOD and ID classes. Furthermore, the impact of shared
features between OOD and ID classes on OOD detection performance is analyzed
using information entropy, demonstrating that common features adversely affect
OOD detection. To address this, we propose a novel scoring method, adjusting
the confidence of ID samples based on their similarity to hard OOD classes. Ex-
tensive experiments demonstrate that our method achieves SOTA performance
across multiple datasets. This approach enhances the model’s performance in
hard OOD detection tasks and exhibits strong generalization capabilities. In
summary, our key contributions are as follows:

– We leverage LLMs to enrich the text features for ID samples. Specifically, we
generate hard OOD class names for each ID class and identify specific fea-
tures that distinguish OOD classes from their ID counterparts, maximizing
the separation of the feature spaces between ID and OOD.

– The impact of common and specific features on OOD detection performance
is analyzed using information entropy. In addition, we introduce a novel
scoring method that adjusts the confidence scores of ID samples based on
the similarity to generated OOD classes.

– The effectiveness of the proposed method is validated across diverse settings,
including both easy and hard OOD tasks. Experimental results demonstrate
that this approach achieves SOTA performance on multiple OOD detection
benchmarks.

2 Related Work

Traditional OOD Detection is typically categorized into two types: training-
time regularization [23–27] and post hoc methods [3, 13, 14, 28–30]. Training-time
regularization methods assume that a subset of OOD data is accessible during
model training. CSI [23] enhances the OOD detector through the application
of contrastive learning. MOS [24] pre-groups all categories and introduces an
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additional class to each group, redesigning the loss function for training. VOS [25]
improves energy scores by generating virtual anomalies. LogitNorm [26] offers
an alternative to cross-entropy loss by separating the influence of the logit norm
from the training process. CIDER [27] improves OOD detection performance by
optimizing contrastive loss.

Post hoc methods do not alter the model’s parameters; instead, they typi-
cally focus on designing an OOD score. MSP [3] utilizes the highest predicted
softmax probability as the OOD score. ODIN [28] refines MSP by applying in-
put perturbations and rescaling the logits. Energy [14] introduces the use of an
energy function [31] to quantify OOD. Mahalanobis [13] calculates the OOD
score based on the minimum Mahalanobis distance between the feature and
the centroids of each class. GradNorm [29] develops the OOD score by utilizing
the gradient space. ViM [32] integrates the norm of feature residuals with the
principal space created by training features and the original logits to determine
the degree of OOD-ness. KNN [30] explores the effectiveness of non-parametric
nearest-neighbor distances for identifying OOD samples.

OOD Detection based on VLMs has been developed using CLIP [17] as
the foundation, leveraging its powerful vision-language alignment capabilities.
MCM [18] introduced this approach by utilizing maximum softmax probabilities
to assess the similarity of images to known classes, thereby identifying OOD
images. ZOC [33] train image decoders for extracting textual information from
images. CLIPN [19] proposes constructing negative sample pairs and conducting
pre-training to learn a ‘no’ concept for each class. Dai et al. [21] propose using
LLMs to generate additional descriptive terms for ID classes to enrich textual
semantic information. Recent studies [15, 16] have explored methods to leverage
VLMs’ zero-shot inference capability by generating OOD categories through
various approaches, aiming to represent potential OOD scenarios. Specifically,
EOE [15] utilizes LLMs to generate potential outlier class labels and designs
an outlier penalty function to detect OOD samples. NegLabel [16] acquisition
utilizes WordNet to gather a diverse set of OOD category names, complemented
by a scoring function to identify the OOD class with low similarity to current
IDs.

Large Language Models such as GPT-3 [34], LLaMA-3 [35], GPT-4 [36],
are leading advancements in natural language processing. These models are
trained on massive datasets with parameters ranging from hundreds of billions to
trillions. LLMs represent significant advancements in natural language process-
ing, pushing boundaries in language understanding, generation, and adaptation
across various domains. Given LLMs’ broad knowledge base, they are instru-
mental in providing similarities and differences among categories akin to ID.

3 METHODOLOGY

This section details the proposed approach. Section 3.1 defines the notation and
outlines the problem. Section 3.2 introduces a method for generating outliers
and fine-grained features by leveraging LLMs to augment class descriptions.
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The complete framework is depicted in Figure 4. In Section 3.3, a novel OOD
detection scoring function is presented, which clusters ID and OOD categories.

3.1 Notation and Preliminary

Without loss of generality, assume that we have n images which is denoted
as X = {x1, · · · , xn}. The ID class names set Y (id) = {y(id)1 , · · · , y(id)c } is also
available, where c denotes the number of class names. The goal of OOD detection
is to determine whether an image x ∈ X belongs to the ID class Y (id) or not.

We prompt LLMs to generate OOD class names set to assist the OOD de-
tection task. Additionally, extra information for both ID and OOD classes is
generated to better align text and images. The descriptions for ID classes are
denoted by D(id), and the OOD class names set and their descriptions are de-
noted by Y (ood) and D(ood), respectively. Furthermore, a pre-trained model is
used to encode text including class name and description and image as feature,
and then decide whether an image belongs to the ID class names set. Specifically,
we use ϕ(·) and ψ(·) to denote the image and text encoder, respectively. For an
image x and a text t, their features can be calculated by:

u = ϕ(x), v = ψ(t),

where d denotes the feature dimension, u,v ∈ Rd denote the image and text
features, respectively. The text input can be a class name or description.

Based on the features of the given image and text information, we can design
an evaluation function to decide whether the image belongs to the ID class or
not.

3.2 Outliers and Fine-Grained Feature Generation

Instruction: Please directly tell me the category names

without explanations and additional information.

Question: Which classes and {ID_CLASS} are similar

in terms of size/pattern/environment?

Answer: Sure! Here are some examples: 

{OOD_CLASS1} {OOD_CLASS2} {OOD_CLASS3}

Ask for OOD names
Ask for descriptive 

wordsInstruction: Please describe the visual characteristics in

twenty words or fewer.

Question: Please describe the visual characteristics of

{ID_CLASS}. The description should be precise.

Answer: Here are some characteristics:{ID_Description}  

Question: What are the unique characteristics that

distinguish {OOD_CLASS} from {ID_CLASS}?

Answer: Here are the characteristics that distinguish

{OOD_CLASS} from {ID_CLASS}: {OOD_Description}

Fig. 2. The prompt queries to ob-
tain OOD class names similar to ID
classes, including instruction, question,
and model response examples.

Instruction: Please directly tell me the category names

without explanations and additional information.

Question: Which classes and {ID_CLASS} are similar

in terms of size/pattern/environment?

Answer: Sure! Here are some examples: 

{OOD_CLASS1} {OOD_CLASS2} {OOD_CLASS3}

Ask for OOD names
Ask for description

wordsInstruction: Please describe the visual characteristics in

twenty words or fewer.

Question: Please describe the visual characteristics of

{ID_CLASS}. The description should be precise.

Answer: Here are some characteristics:{ID_Description} 

Question: What are the unique characteristics that

distinguish {OOD_CLASS} from {ID_CLASS}?

Answer: Here are the characteristics that distinguish

{OOD_CLASS} from {ID_CLASS}: {OOD_Description}

Fig. 3. The prompt queries to obtain de-
scriptive words for ID and OOD classes,
including instruction, question, and model
response examples.
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Template:

A photo of {Class_Name} with 

{Descriptions}

Text

Encoder

…
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k+1

C
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Similarity

Single Image Inference

k+1

C

…

… …

…

…

… … …

𝐈𝐃, 𝐬𝐢𝐦(𝒙𝒍, 𝒀
𝒊𝒅 ) ≥ 𝛌 

𝐎𝐎𝐃, 𝐬𝐢𝐦(𝒙𝒍, 𝒀
𝒊𝒅 ) < 𝛌

…

Adjusted ID Logit

①

…

Test Image

Class Name

Cat Dog Deer…

Input

OOD Class Name

Descriptions

Common

Specific

Specific

Specific

Specific

Common

Specific

Specific

Specific

Specific

Common

Specific

Specific

Specific

Specific

LLM Prompt2

OOD

ID

Tiger

Lion

Leopard

Fox

Wolf

Bear Camel

Yak

Antelope

𝐈𝐃𝟏

𝐎𝐎𝐃𝟏 𝐎𝐎𝐃𝐤

Common 

features

Specific 

features

Specific 

features

Specific 

features

Specific 

features

𝐎𝐎𝐃𝟐

C

…

𝒔𝒊𝒍
(𝒊𝒅)

=𝒔𝒊𝒍
(𝒊𝒅)

𝒔𝒊𝒍
(𝒊𝒅)

≥ max(𝒔𝒊𝒋𝒍
(𝒐𝒐𝒅)

)

Case1

Case2

𝐈𝐃𝟐

𝐎𝐎𝐃𝟏 𝐎𝐎𝐃𝐤

Common 

features

Specific 

features

Specific 

features

Specific 

features

Specific 

features

𝐎𝐎𝐃𝟐

Text Generation

LLM Prompt1

Feature Extraction

…
①

ID&OOD common features

OOD specific features

ID specific features

① D

②

ID
OOD1

OOD2
OOD3

𝒔𝒊𝒍
(𝒊𝒅)

< max(𝒔𝒊𝒋𝒍
(𝒐𝒐𝒅)

)

𝒔𝒊𝒍
(𝒊𝒅)

=𝜶𝒔𝒊𝒍
(𝒊𝒅)

Fig. 4. The main framework of our model. LLMs are employed to generate OOD class
names and descriptions for ID samples, following a fixed template. Feature vectors
are then extracted using frozen encoders. Finally, the OOD detection process for a
single image is demonstrated. In the enlarged section labeled ①, a detailed depiction is
provided of how the relationship between an ID class and its corresponding hard OOD
is constructed, along with their associated textual descriptions.

LLMs are adopted to generate additional textual information to support the
OOD detection task. Beyond generating OOD class names, LLMs are also used
to create nuanced textual descriptions for both ID and OOD class names.

LLMs are first utilized to generate OOD class names. To enhance the discrim-
inative ability of the model, the generated OOD classes are required to closely
resemble the ID classes. For example, if the ID class name is “cat”, an OOD class
name like “tiger" is preferred over unrelated options such as “book". To achieve
this goal, prompts are refined to drive LLMs to generate target OOD class names
by exploring the pivotal properties including size, pattern, and environment. The
interaction process with LLMs is shown in Figure 2.

Formally, k OOD class names are generated for each ID class name, i.e.,
∀y(id)

i ∈ Y (id), we generate OOD class names set {y(ood)
i1 , · · · ,y(ood)

iKi
}. Y (ood)

are utilized to denote the whole OOD class names set, which is defined as follows:

Y (ood) =

c⋃
i=1

{y(ood)
i1 , · · · ,y(ood)

iKi
},

where Ki denotes the number of generated OOD class names and its value is
dependent on the output of LLMs.

Since the strong knowledge capacity of the LLMs, it is necessary to filter
out some OOD classes [16] that are too similar to ensure the distinguishabil-



3. METHODOLOGY 7

ity of the subsequent description generation. For a detailed explanation, please
refer to Appendix A.1. To achieve this, features for both ID classes and their
corresponding OOD class names are first extracted. Specifically, a pre-trained
CLIP model is utilized to extract the textual features for a given ID class and
its associated OOD class names:

v
(id)
i = ψ(y

(id)
i ),

∀j ∈ {1, · · · , k},v(ood)
ij = ψ(y

(ood)
ij ).

Then, the similarity between ID class and OOD class names is calculated

∀j ∈ {1, · · · , k}, sij =
[v

(id)
i ]⊤v

(ood)
ij

∥v(id)
i ∥∥v(ood)

ij ∥
.

According to similarity, for each ID class, the top-k OOD class names with the
lowest similarity scores are selected to construct pairs, where k ≤ min{Ki}ci=1.
This process results in the filtered OOD class name set:

Ŷ
(ood)

=

c⋃
i=1

{y(ood)
il1

, · · · ,y(ood)
ilk

},

where |Ŷ
(ood)

| = ck.
After obtaining the ID class name Y (id) and the filtered OOD class name

Ŷ
(ood)

, descriptions for each class are generated. Given the high similarity be-
tween an ID class name and its corresponding OOD class names, a novel strategy
is devised to generate distinctive descriptions for each ID and OOD class.

For each ID class name and its paired similar OOD class names, we prompt
LLMs to generate the description D(id) = {d(id)

1 , · · · ,d(id)
c } that characterizes

the ID class name concisely and precisely. For example, for the ID class name
“sheep”, the generated descriptions might include “white wool”, “long neck and
snout”. These descriptions may overlap with features of similar OOD classes,
for example, the OOD class “deer” similar to ID class “sheep”, could also be de-
scribed as “long neck and snout”. Next, we prompt LLMs to generate concise and
precise descriptions for paired OOD class names. In Appendix A.2, we analyze
the impact of common and specific features on OOD detection, demonstrating
that only specific features can enhance OOD detection. To ensure these descrip-
tions highlight unique properties and avoid overlapping with the ID class, the
LLMs are explicitly instructed to focus on distinguishing features in their gener-
ated descriptions D(ood) =

⋃c
i=1{d

(ood)
i1 , · · · ,d(ood)

ik }. The prompt for description
generation is given in Figure 3.

3.3 OOD Detection Score Designing

A novel method is proposed to compute the ID similarity score to complete the
OOD detection task.
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For any image xl and ID class name y
(id)
i , we utilize the OOD class names

{ŷ(ood)
i1 , · · · , ŷ(ood)

ik } corresponding to y
(id)
i , the ID description d

(id)
i correspond-

ing to y
(id)
i , and the OOD descriptions {d(ood)

i1 , · · · ,d(ood)
ik } to obtain the con-

fidence score of image and ID class. Since there is a one-to-one correspondence
between the class name and their descriptions, we first combine them using the
following prompt to obtain an input text:

t = “a photo of {CLASS_NAME} with {DESCRIPTION}.” (1)

By respectively substituting CLASS_NAME and DESCRIPTION with
the ID class name and its description, we obtain t

(id)
i . Similar operations are

used to obtain {t(ood)
i1 , · · · , t(ood)

ik }. Then, according to image xl, text t
(id)
i and

{t(ood)
i1 , · · · , t(ood)

ik }, we can calculate features by using:

ul = ϕ(xl),

v
(id)
i = ψ(t

(id)
i ),

∀j ∈ {1, · · · , k},v(ood)
ij = ψ(t

(ood)
ij ).

Then, we can calculate the similarity by:

s
(id)
il =

u⊤
l v

(id)
i

∥ul∥∥v(id)
i ∥

,

∀j ∈ {1, · · · , k}, s(ood)
ij l

=
u⊤
l v

(ood)
ij

∥ul∥∥v(ood)
ij ∥

.

Based on the similarity s(id)
il and {s(ood)

ij l
}kj=1, a α-amended similarity strategy

is proposed. Intuitively, when the model is more inclined to classify an image
as belonging to an OOD class, the confidence in the ID class should decrease.
Formally, an amended similarity is defined as:

ŝ
(id)
il =

αs
(id)
il if s(id)

il ≤ k
max
j=1

{s(ood)
ij l

},

s
(id)
il otherwise,

where 0 < α < 1.
For now, we obtain the amended similarity score between an image and all

ID class names. Similar to MCM [18], normalized confidence is used to determine
whether an image belongs to an ID class. Specifically, the confidence is calculated
using the following formula:

sim(xl, t
(id)) =

c
max
i=1

es
(id)
il /τ∑c

j=1 e
s
(id)
jl /τ

,

where τ is the temperature coefficient. Then, if the confidence score is larger than
a threshold parameter λ, xl is predicted as belonging to ID classes. Otherwise,
xl belongs to OOD classes. The detailed algorithm is provided in Appendix A.3.
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4 EXPERIMENTS

Table 1. Comparison of methods on different OOD datasets. The black bold indicates
the best performance. ↑ indicates larger values are better, while ↓ indicates smaller
values are better. All numbers in the table are expressed as percentages.

Methods
OOD Dataset

iNaturalist SUN Places Textures Average

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

Requires training (or w. fine-tuning)
MSP [3] 87.44 58.36 79.73 73.72 79.67 74.41 79.69 71.93 81.63 69.61

ODIN [28] 94.64 30.22 87.17 54.04 85.54 55.06 87.85 57.61 88.80 47.75
Energy [14] 95.33 26.12 92.66 35.97 91.41 39.87 86.76 57.61 91.54 39.89

GradNorm [29] 72.56 81.50 72.86 82.00 73.70 80.41 70.26 79.36 72.35 80.82
ViM [32] 93.16 32.19 87.19 54.01 83.75 60.67 87.18 53.94 87.82 50.20
KNN [30] 94.52 29.17 92.67 35.62 91.02 39.61 85.67 64.35 90.97 42.19
VOS [25] 94.62 28.99 92.57 36.88 91.23 38.39 86.33 61.02 91.19 41.32

NPOS [44] 96.19 16.58 90.44 43.77 89.44 45.27 88.80 46.12 91.22 37.93
ZOC [33] 86.09 87.30 81.20 81.51 83.39 73.06 76.46 98.90 81.79 85.19

CLIPN [19] 95.27 23.94 93.93 26.17 92.28 33.45 90.93 40.83 93.10 31.10

Zero-shot (w/o. fine-tuning)
Mahalanobis [13] 55.89 99.33 59.94 99.41 65.96 98.54 64.23 98.46 61.50 98.94

Energy [14] 85.09 81.08 84.24 79.02 83.38 75.08 65.56 93.65 79.57 82.21
MCM [18] 94.59 32.20 92.25 38.80 90.31 46.20 86.12 58.50 90.82 43.93

Dai et al. [21] 95.54 22.88 92.60 34.29 89.87 41.63 87.71 52.02 91.43 37.71
EOE [15] 97.52 12.29 95.73 20.4 92.95 30.16 85.64 57.53 92.96 30.09

NegLabel [16] 99.49 1.91 95.49 20.53 91.64 35.59 90.22 43.56 94.21 25.40
Ours 98.59 6.03 96.52 18.72 93.13 28.86 92.22 39.15 95.12 23.19

4.1 Datasets and Metrics

Datasets We follow the dataset settings of MCM [18]. For the ID datasets, we
use ImageNet-1k [37]. For the OOD datasets, we use iNaturalist [38], SUN [39],
Places [40], and Texture [41]. Simultaneously, consistent with the settings of
works like MCM [18], we use a subset of ImageNet-1k and the Waterbirds
dataset [42] as ID datasets. For hard OOD detection, we employ another subset
of ImageNet-1k and the Spurious OOD dataset [43] as OOD datasets.
Metrics Following the setting of prior researches [15, 16, 18, 19], we utilize two
metrics: (1) the area under the ROC curve (AUROC), and (2) the false positive
rate at 95% true positive rate (FPR95) for OOD samples.

4.2 Compared Methods

We compare our approach with the current SOTA OOD detection models, in-
cluding both zero-shot and fine-tuning models. For the fine-tuning models, we
compare MSP [3], ODIN [28], Energy [14], GradNorm [29], ViM [32], KNN [30],
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VOS [25], NPOS [44], CLIPN [19], and ZOC [33]. For the zero-shot models, we
compare MCM [18], as well as post-hoc methods implemented on the CLIP ar-
chitecture, including Mahalanobis [13] and Energy [14] as additional baselines,
and methods proposed by Dai et al. [21], NegLabel [16], and EOE [15], which
supplement category names or descriptions with text. It is worth noting that
CLIPN [19] use an additional large-scale dataset CC-3M [45] to pre-train the
text encoder.

4.3 Implementation Details

We use CLIP [17] as the backbone of our framework, employing ViT-B/16 as
the image encoder and masked self-attention Transformer as the text encoder.
We adopt the pre-trained weights for CLIP provided by OpenAI. For LLMs, we
utilize LLaMA-3-8b [35] for our research, with pre-trained weights sourced from
Meta. In the experiments, unless otherwise specified, we use k = 3 to generate
OOD classes corresponding to each ID class and set α to 0.8. We select the
threshold value of λ when 95% of the ID samples are correctly classified and
T = 1 as the temperature, following the standard practice [18, 46].

Table 2. Zero-shot OOD detection performance on hard OOD detection tasks.

Methods
ID:ImageNet-10 ID:ImageNet-20 ID:Waterbirds

OOD:ImageNet-20 OOD:ImageNet-10 OOD:Spurious OOD Average

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

Mahalanobis [13] 90.71 51.46 90.41 37.5 99.55 2.21 93.56 30.39
Energy [14] 97.94 10.30 97.37 16.40 97.16 7.76 97.49 11.49
MCM [18] 98.71 5.00 98.09 12.91 93.30 14.45 96.70 11.12

Dai et al. [21] 98.77 4.20 98.26 9.24 98.62 4.56 98.55 6.00
EOE [15] 99.09 4.20 98.10 13.93 97.69 6.18 98.29 8.10

NegLabel [16] 98.86 5.10 98.81 4.60 94.67 9.50 97.45 6.40
Ours 99.32 1.10 99.23 1.40 99.09 4.30 99.21 2.27

4.4 Performance Comparison

OOD Detection on Large-Scale Datasets We use ImageNet-1k as the
ID dataset and iNaturalist, SUN, Places, and Texture as the OOD datasets.
Table 1 compares our approach with the latest SOTA methods, including both
training-based and zero-shot inference methods. For each ID class, we set k=3,
generating three OOD classes per ID. Our method achieves SOTA performance
on the ImageNet-1k benchmark and surpasses a range of methods that employ
fine-tuning for OOD detection, demonstrating the robust zero-shot OOD detec-
tion capabilities of CLIP. This is due to CLIP’s ability to match images with
nuanced text descriptions. Additionally, the k OOD classes constructed for each



4. EXPERIMENTS 11

Table 3. Results after integrating our method with various scoring functions as base-
lines. The ID datasets are ImageNet-10, ImageNet-20, and Waterbirds, with corre-
sponding OOD datasets being ImageNet-20, ImageNet-10, and Spurious OOD, respec-
tively. “Average" represents the mean performance across these three datasets, and
“Improvement" indicates the enhancement relative to the baseline.

Method
Average Improvement

AUROC↑ FPR95↓ AUROC↑ FPR95↓

MCM 96.70 11.12 / /
MCMour 99.16 2.50 +2.46 -8.62

Energy 97.49 11.49 / /
Energyour 97.83 8.92 +0.34 -2.57

MaxLogit 97.67 10.84 / /
MaxLogitour 98.01 8.82 +0.34 -2.02

ID, even if they do not include the exact class names of the OOD samples en-
countered, provide an expanded feature space that facilitates matching OOD
samples, thereby enhancing the model’s robustness. It is noteworthy that our
method is slightly outperformed by NegLabel on the iNaturalist dataset. This
is because NegLabel generates a large number of OOD class names, and the
iNaturalist dataset contains a substantial number of plant species, among which
these generated OOD class names are included.

OOD Detection on Hard OOD Datasets We extend our framework
for hard OOD detection by categorizing it into two types: semantically hard
OOD and spurious OOD. Semantically hard OOD refers to OOD samples that
are semantically similar to the ID samples; for this, we use ImageNet-10 and
ImageNet-20 as the ID and OOD datasets, respectively, and vice versa. Spurious
OOD refers to OOD samples that have false correlations with the ID samples,
such as the spurious correlation between habitats and bird species. The results
of our hard OOD detection experiments are presented in Table 2. Our method
improves the average FPR95 and AUROC by 3.73% and 0.66%, respectively,
compared to the current best methods. Specifically, on the task with ImageNet-
10 as ID and ImageNet-20 as OOD, our method achieves improvements of 3.10%
in FPR95 and 0.29% in AUROC, and with ImageNet-20 as ID and ImageNet-10
as OOD, improvements of 3.20% in FPR95 and 0.42% in AUROC are observed.
These results demonstrate the outstanding performance of our method in se-
mantically hard OOD tasks.

4.5 Ablation Studies

Score Functions Our method adjusts confidence only for ID classes, enabling
combination with various OOD detection scores. We denote pre-adjustment
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Table 4. Impact of using different
LLMs on results, consistent dataset set-
tings as in Table 3. “A” represents the
AUROC, “F” represents the FPR95.

Method
Average Improve

A↑ F↓ A↑ F↓

MCM 96.70 11.12 / /

LLaMA-3-8b 99.16 2.50 +2.46 -8.62
Claude2 99.03 3.21 +2.33 -7.91
GPT-4.0 99.06 3.00 +2.36 -8.12

Table 5. Impact of number of OOD
classes on results, consistent dataset set-
tings as in Table 3. k denotes the num-
ber of selected OOD classes.

Number
Average Improve

A↑ F↓ A↑ F↓

MCM 96.70 11.12 / /

k=1 98.99 2.92 +2.29 -8.20
k=2 99.00 2.53 +2.30 -8.59
k=3 99.27 2.20 +2.57 -8.92
k=4 99.06 2.43 +2.36 -8.69
k=5 99.08 2.74 +2.38 -8.38

scores as MCM, Energy, and MaxLogit, and post-adjustment scores as MCMour,
Energyour, and MaxLogitour. This validates MCM score’s impact on our ablation
study. After ID confidence adjustment, OOD detection with MCM, Energy, and
MaxLogit improves performance across three datasets (Table 3). MCM yields
AUROC and FPR95 gains of 2.46% and 8.62%, respectively, due to our scaling
factor α = 0.8, which amplifies ID-OOD score differences.

The Choice of LLMs We conduct experiments using various LLMs to com-
prehensively assess the effectiveness of descriptors generated by different LLMs.
Specifically, we utilize LLaMA-3-8b, ChatGPT-4, and Claude 2 for descriptor
generation. The average results across three datasets, shown in Table 4, indi-
cate that using different LLMs achieved better performance compared to the
baseline MCM. Additionally, LLaMA-3-8b outperforms Claude2 and GPT-4.0
in both AUROC and FPR95 metrics, demonstrating the generalizability and
robustness of our method. This can be attributed to the fact that LLaMA-3-
8b excels at generating short, task-specific text, which benefits OOD detection
by providing focused descriptions [47]. In contrast, GPT-4, while powerful in
broader tasks, may produce more verbose responses that could introduce noise
into similarity comparisons. Therefore, the performance differences between the
two are likely due to factors such as the relevance and specificity of generated
OOD class names, the precision of descriptive terms, and prompt interpretation.

Fine-grained Textual Features To further validate the effectiveness of
descriptors, we conduct an ablation where descriptors are simplified to only use
generated hard OOD classes for inference, altering the template to “a photo
of {Class_Name}” to assess the efficacy of textual features. We refer to this
as “Label only” in Figure 5. Additionally, to validate the effectiveness of our
descriptors in distinguishing OOD from current ID samples, we designed dif-
ferent prompts for verification. Specifically, we modify the question in Figure 3
to directly ask, “Please describe the visual characteristics of {OOD_CLASS}",
“What are the visual features similar to {OOD_CLASS} and {ID_CLASS}?"
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Fig. 5. Impact of using different prompts to generate various types of descriptors with
LLMs.

to obtain descriptions that include both common and specific OOD features,
as well as descriptions with only specific OOD features. In Figure 5, these are
represented as “Common+Specific description" and “Common description", re-
spectively. “Specific description" represents the primary method of this paper,
obtaining unique features that distinguish OOD classes from ID classes.

The results indicate that even when only category names are used to provide
textual information (“Label only”), our method still outperforms the baseline
MCM. However, when the textual description includes a significant amount of
ID features (“Common description”), the performance of OOD detection signif-
icantly decreases, with the most notable decline observed on the ImageNet-20
dataset, where FPR95 and AUROC drop by 4.80% and 0.52%, respectively.
When the OOD descriptors include only the unique features that distinguish
OOD classes from ID classes (“Specific description"), our method achieves the
best performance across all three datasets. When descriptors include both types
of features (“Common+Specific description"), the results on various datasets are
better than those with only the common description, but still inferior to those
with only the specific description. This validates that common features shared
between OOD and ID classes are detrimental to OOD detection.

4.6 Hyperparameter Tune-up

Number of OOD Class Labels We investigate the impact of the number
of generated OOD classes k per ID class on performance. As shown in Table 5,
performance improves initially and then declines as k increases, with the best
results at k = 3. The initial gain stems from the expanded textual space, en-
hancing the model’s capacity to separate ID and OOD samples. However, larger
k increases the likelihood of generating semantically similar OOD descriptions,
causing feature overlap with ID or existing OOD classes. This overlap can be
attributed to the inherent characteristics of LLMs, which may generate similar
descriptions for semantically related concepts. For example, OOD descriptions
for “cat" may include “kitty" and “kitten", blurring decision boundaries and
impairing performance when k > 3.
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Fig. 6. Performance Evaluation of the Hyperparameter α for ID Confidence Correction.
The upper and lower graphs respectively represent the score trends for FPR95 and
AUROC.

ID Confidence Calibration We explore the impact of the ID confidence
calibration coefficient, the hyperparameter α, on the results. We conduct ex-
periments on the ImageNet-10, ImageNet-20, and Waterbirds datasets, and the
results are shown in Figure 6. We observe that when α is set to extreme values
of 0 and 1, and the performance of OOD detection significantly decreases. When
α is 0, setting the confidence directly to 0 leads to some ID samples being in-
correctly classified as OOD, reducing robustness. Conversely, when α is 1, not
adjusting the confidence negates the model’s effectiveness. However, when α is
between 0.7 and 0.9, the model performs well across all three datasets, indicating
that our model is not sensitive to the α parameter.

5 CONCLUSION

In this paper, we proposed a novel zero-shot OOD detection approach lever-
aging LLMs to enhance the textual feature extraction for both ID and OOD
classes. Specifically, we utilized LLMs to generate descriptive terms for ID data
and challenging names and detailed descriptions for OOD classes. This method
enabled VLMs to focus on relevant regions of images, significantly improving
zero-shot OOD detection performance. We adjust the confidence scores of ID
samples based on the confidence of generated OOD classes and introduce a new
scoring method for detecting OOD samples. Extensive experiments on multiple
OOD detection benchmarks demonstrated the superiority of our approach over
SOTA methods. Our results highlight the potential of leveraging LLMs for nu-
anced textual feature generation to advance OOD detection. Future work could
explore the integration of additional knowledge to further enhance the robustness
and accuracy of our framework.
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