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Abstract

Out-of-distribution (OOD) detection refers to training
the model on an in-distribution (ID) dataset to classify
whether the input images come from unknown classes. Con-
siderable effort has been invested in designing various
OOD detection methods based on either convolutional neu-
ral networks or transformers. However, zero-shot OOD de-
tection methods driven by CLIP, which only require class
names for ID, have received less attention. This pa-
per presents a novel method, namely CLIP saying “no”
(CLIPN), which empowers the logic of saying “no” within
CLIP. Our key motivation is to equip CLIP with the capa-
bility of distinguishing OOD and ID samples using positive-
semantic prompts and negation-semantic prompts. Specifi-
cally, we design a novel learnable “no” prompt and a “no”
text encoder to capture negation semantics within images.
Subsequently, we introduce two loss functions: the image-
text binary-opposite loss and the text semantic-opposite
loss, which we use to teach CLIPN to associate images with
“no” prompts, thereby enabling it to identify unknown sam-
ples. Furthermore, we propose two threshold-free inference
algorithms to perform OOD detection by utilizing negation
semantics from “no” prompts and the text encoder. Experi-
mental results on 9 benchmark datasets (3 ID datasets and 6
OOD datasets) for the OOD detection task demonstrate that
CLIPN, based on ViT-B-16, outperforms 7 well-used algo-
rithms by at least 2.34% and 11.64% in terms of AUROC
and FPR95 for zero-shot OOD detection on ImageNet-1K.
Our CLIPN can serve as a solid foundation for effectively
leveraging CLIP in downstream OOD tasks. The code is
available on https://github.com/xmed-lab/CLIPN.

1. Introduction

Deep learning models [12, 6] have demonstrated excel-
lent versatility and performance when the classes in the
training and test datasets remain the same [32]. This is fa-
cilitated by the fact that the models are trained under com-
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pletely closed-world conditions, meaning all encountered
classes are in-distribution (ID) ones [7]. Nevertheless, these
models tend to suffer from poor generalization and undesir-
able performance when deployed in real-world applications.
This frustrating phenomenon is partially attributed to the
existence of an enormous number of unknown classes dis-
tributed in the real world, which is challenging to detect as
they have not been explicitly seen during the training stage.
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Figure 1. A toy comparison illustration of feature spaces between
standard OOD detection algorithms and the proposed CLIPN. Our
method involves a “no” logic, which provides a new feature space
(yellow region) to directly identify OOD samples. The qualitative
experiment visualization is shown in Figure. 5.

Out-of-distribution (OOD) detection task [2, 3, 9] has
been raised and promptly attracted considerable interest
from researchers. Briefly, the OOD detection task aims to
empower the model to distinguish if the input images come
from unknown classes. One of the mainstream OOD de-
tection methods is to learn ID-specific features and classi-
fiers, then develop the scoring function [42, 14] to metric
how closely the input data matches the ID classes, which is
measured by ID-ness [42] (or OOD-ness, an opposite case).
For instance, MSP [14], MaxLogit [13], energy-based [27]
and gradient-based [25] have been extensively employed to
measure the ID-ness. Better ID-ness brings better OOD re-
sults. In summary, the key idea of these methods is to teach
ID knowledge to the model and then detect the dis-matched
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cases referring to the model’s reply (score). The effective-
ness of the above methods is seriously compromised by the
following cases. As illustrated in Fig. 1, the green stars rep-
resent some OOD samples that are easy to distinguish, as
they are relatively distant from all ID classes and naturally
have high entropy, uniform probability [14], low logit [13]
or low energy [27]. Conversely, hard-to-distinguish OOD
samples (brown stars in Fig. 1) are more common and chal-
lenging. These samples are located relatively close to a cer-
tain ID class while being far away from other classes, re-
sulting in high ID-ness. Therefore, existing methods such
as those mentioned above fail to identify such samples ac-
curately. As results shown in Fig. 5, even when we apply
MSP [14] with different thresholding, there are still numer-
ous mis-classified OOD samples, which are located in close
proximity to ID classes.

Recently, some methods have sought to address the is-
sue of hard-to-distinguish OOD samples by leveraging gen-
eralizable representations learned by CLIP [10], an open-
world language-vision model trained on datasets with enor-
mous volumes, such as Laion-2B [36]. Naturally, this
task extends to zero-shot OOD detection (ZS OOD detec-
tion) [8, 30], which employs language-vision models to de-
tect OOD data without requiring training on the ID dataset.
ZOC [8] uses an additional text encoder to generate some
candidate OOD classes not included in ID classes. Unfor-
tunately, it is inflexible and unreliable when faced with a
dataset containing a large number of ID classes, rendering
it challenging to scale for large datasets such as ImageNet-
1K [20]. MCM [30] leverages the text encoder component
of CLIP and ID class prompts to obtain a more represen-
tative and informative ID classifier, which in turn enhances
the accuracy of ID-ness estimates. However, this method
still neglects to address the challenge of dealing with hard-
to-distinguish OOD samples and suffers from limited per-
formance; see results in Table 1.
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Figure 2. A toy illustration to determine that the original CLIP
lacks “no” logic. The qualitative visualization is in Figure. 6.

Different from ZOC [8] and MCM [30], we attempt to
exploit the open-world knowledge in CLIP to straightly

identify some hard-to-distinguish OOD samples even if
their ID-ness is high. As the toy example shown in Fig-
ure. 2 (a), given a dog image and a cat image, we design
four groups of prompts. Two groups contain class prompts
with/of/.../having the photos of the dog or cat, while the
other two groups use “no” prompts: a photo without/not
of/.../not having the dog or cat. We conducted an experi-
ment on CLIP to match the images with four prompts. Un-
fortunately, the results show that CLIP fails to accurately
match the images, implying that it lacks “no” logic; as il-
lustrated in the toy visualization in Fig. 2 (b) and qualitative
visualization in Fig. 6.

To empower “no” logic within CLIP, we propose a new
CLIP architecture, called CLIP saying “no” (CLIPN). It
upgrades CLIP in terms of OOD detection in three ways.
(1) Architecture. New “no” prompts and a “no” text en-
coder are added to CLIP. Our novel learnable “no” prompts
integrate negation semantics within prompts, complement-
ing the original CLIP’s prompts. Moreover, our “no” text
encoder captures the corresponding negation semantics of
images, making the CLIP saying “no” possible. (2) Train-
ing Loss. We further propose two loss functions. The first
is image-text binary-opposite loss, which makes an image
feature match with correct “no” prompt features. In other
words, it can teach CLIP when to say “no”. The second
is text semantic-opposite loss which makes the standard
prompt and “no” prompts be embedded far away from each
other. In other words, it can teach CLIP to understand the
meaning of “no” prompts. (3) Threshold-free Inference
Algorithms. After the training of CLIPN, we design two
threshold-free algorithms: competing-to-win and agreeing-
to-differ. The goal of competing-to-win is to select the most
confident probability from standard and “no” text encoders
as the final prediction. While agreeing-to-differ generates
an additional probability for the OOD class by consider-
ing predictions from both standard and “no” text encoders.
Experimental results on 9 benchmark datasets (3 ID and 6
OOD datasets) showed that our CLIPN outperforms exist-
ing methods. In summary, our contributions are Four-fold.

• We propose a novel CLIP architecture, named CLIPN,
which equips CLIP with a “no” logic via the learnable
“no” prompts and a “no” text encoder.

• We propose the image-text binary-opposite loss and
text semantic-opposite loss, which teach CLIPN to
match images with “no” prompts, thus learning to
identify unknown samples.

• We propose two novel threshold-free inference algo-
rithms (competing-to-win and agreeing-to-differ) to
perform OOD detection via using negation semantics.

• Experimental results show that our CLIPN outper-
forms most existing OOD detection algorithms on both
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large-scale and small-scale OOD detection tasks.

2. Related Work
2.1. Contrastive Vision-Language Models

One key research topic in artificial intelligence is study-
ing the relationship between vision and language. Previ-
ously, many attention-based methods like BAN [17], Intra-
Inter [11], and MCAN [47] dominate the visual-language
tasks. Then, inspired by BERT [4], many mthods [29,
39, 34] further contribute to the area via exploiting more
advanced transformer architectures and prompt strategies.
As transformer-based networks [6, 28] are successfully de-
ployed into computer vision tasks, CLIP [35] is proposed to
learn informative features from the vision-language pairs on
top of the large-size model and datasets[36] via contrastive
learning [5]. Further, [44, 46] demonstrate its impressive
generalization to downstream tasks [23]. In addition, fol-
lowing the same lines as [34], there are also many works fo-
cusing on improving visual-language models via prompt en-
gineering in computer vision. CoOp [50] and CoCoOp [49]
work on changing the manual prompt to the learnable one
for the purpose of better matching texts and images in a
specific supervised task. Unlike these methods that pro-
vide more precise text descriptions or supervised guidance,
this paper empowers the “no” logic within CLIP by adding
learnable “no” prompts and text encoders during the unsu-
pervised pre-trained period.

2.2. CLIP-based Zero-Shot Learning

Recently, zero-shot learning [15, 43] (ZSL) gains consid-
erable interest. ZSL focuses on conferring the model with
the ability to capture open (or unseen) knowledge. CLIP
has contributed significantly to ZSL by virtue of CLIP’s ex-
cellent open-set versatility [46]. The representation space
of CLIP is driven by a huge dataset [36] in an unsuper-
vised manner and exhibits holistic, task-agnostic, and in-
formative. These advantages [35] of CLIP are the pri-
mary factors that have led to its outstanding zero-shot per-
formance. Further, the zero-shot adaptability of CLIP is
found to work across many domains and different prac-
tical tasks [26, 44, 24, 22]. ZOC [8] employs an addi-
tional image-text dataset and bert [4] module to learn the
names of OOD classes. MCM [30] capture the powerful ID
classifier from class prompts and get better ID-ness from
CLIP models. Unlike these methods, we exploit the open-
world knowledge in CLIP to design a new OOD detection
pipeline, where uses CLIP to straightly identify OOD sam-
ples via negation-semantic prompts.

2.3. Out-of-Distribution Detection

The goal of OOD detection is to detect OOD images
from the test dataset (containing both ID and OOD images).

Designing the score function is the most popular method in
OOD detection tasks. The scores are mainly derived from
three sources: the probability, the logits, and the feature.
For the probability, Hendrycks et al. [14] presented a base-
line method using the maximum predicted softmax proba-
bility (MSP) as the ID score. Hendrycks et al. [13] also
proposed to minimize KL-divergence between the softmax
and the mean class-conditional distributions. For the logits,
Hendrycks et al. [13] proposed using the maximum logit
(MaxLogit) method. The energy score method [27] pro-
posed to compute the logsumexp function over logits. For
the feature, Lee et al. [21] computed the minimum Maha-
lanobis distance between the feature and the class centroids.
Ndiour et al. [31] used the norm of the residual between
the feature and the pre-image of its low-dimensional em-
bedding. Furthermore, [1] proposes a solution that utilizes
contrastive loss to distinguish between ID and OOD sam-
ples. In contrast to the methods mentioned earlier, which
solely rely on the concept of ID-ness derived from images,
our CLIPN can directly identify OOD samples by consider-
ing both images and negation-semantic texts.

3. Methodology
3.1. Preliminary: CLIP-based OOD Detection

Profiting from massive volumes of training data and
large-size models, CLIP has demonstrated impressive per-
formance in the zero-shot out-of-distribution classification
task. Naturally, exploring the potential of CLIP on zero-
shot out-of-distribution detection is worthwhile.

Referring to the existing CLIP-based zero-shot tasks [10,
30], we briefly review how to perform zero-shot OOD de-
tection. The image encoder of CLIP is used to extract the
image feature. Although there is no classifier in CLIP, we
can use the names of ID classes to build the text inputs (e.g.,
“a photo of the dog”). Then obtain the text features from
the text encoder as the class-wise weights that functionally
play the same role as the classifier. Finally, taking the max-
imum softmax probability (MSP) algorithm as an example,
we can calculate MSP according to the image feature and
class-wise weights. The image will be treated as OOD if
MSP is smaller than a pre-defined threshold, and vice versa.

3.2. Overview of CLIPN

In this paper, we customize a new CLIP architecture,
named CLIP saying “no” (CLIPN), to exploit the potential
of OOD detection in the original CLIP.
Architecture. As shown in Figure 3, our CLIPN is built
on top of a pre-trained CLIP and consists of three modules:
(1)Image Encoder: ϕ. The image encoder ϕ of CLIPN
keeps the same structure and parameters as the image en-
coder of the pre-trained CLIP. In this paper, ViT-B [6] and
ViT-L [6] are deployed to instantiate ϕ, respectively. By de-
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Figure 3. The inference pipeline of CLIPN. It consists of three networks: the image encoder, text encoder and “no” text encoder with
learnable “no” prompts ρ. For the inference period, we propose competing-to-win and agreeing-to-differ to jointly determine the result
with two text encoders. The ID classes are cow, cat, fish, and the OOD class is dog here.

fault, the parameters of ϕ are frozen. (2) Text Encoders:
ψ. The text encoder ψ of CLIPN keeps the same structure
and parameters as the text encoder of the pre-trained CLIP.
The input of ψ also keeps the same, i.e., a standard text that
describes one image (e.g., “a photo with/of/...”). (3)“no”
Text Encoders: ψno. It is initialized by the text encoder of
the pre-trained CLIP. But the difference from the ψ is that
we set ψno learnable. The input of ψno is a negative text
that describes one image with the opposite semantic.

Besides, we access the pre-trained CLIP from the Open-
CLIP [16]. In this paper, we use two pre-trained models,
including the CLIP based on ViT-B and ViT-L pre-trained
using Laion-2B dataset [36], respectively.
Pre-training CLIPN. Obviously, the input texts of ψ and
ψno are the opposite semantic in terms of one input image,
just like the opposite attribute of ID and OOD. To teach
CLIPN to distinguish which semantic is correctly matched
with the image, we first design a novel “no” prompt strat-
egy which introduces the textual descriptions with negative
logic into ψno; see Sec. 3.3 for details.

Based on the above-mentioned thought of opposite se-
mantic, we propose an image-text binary-opposite loss and
text semantic-opposite loss (See Sec. 3.4 for details) which
allow CLIPN to learn explicitly when and how to align im-
ages with two kinds of texts.
Inference Stage. In the inference period, we further pro-
pose two novel threshold-free algorithms to determine if the
input image is OOD (See Sec. 3.5 for details). The first is
named the competing-to-win algorithm. It is summarized as
follows: we first use the standard text and the input image to

predict the ID probabilities in terms of ID classes. Then em-
ploy the “no” text of the class with the highest probability
to determine if the ID prediction is correct. The second is
named the agreeing-to-differ algorithm. We use “no” texts
to shrink the ID probabilities and generate a new probabil-
ity of the OOD class. If the OOD probability is highest, the
input image will be judged as OOD.

3.3. Prompt Design

We propose a new prompting strategy in the unsuper-
vised pre-trained period: learnable “no” prompt pools. In
the original CLIP, the image is depicted in positive logic,
i.e., the content of the text is semantically consistent with
the content of the image. We attempt to supplement a kind
of negative logic, i.e., the content of the text is semantically
negative with the content of the image. To this end, we
define a series of “no” prompts to equip the original texts.
Denoting the text for one image x is t, the “no” prompt
pool is defined as poolno(t) = {“a photo without {t}”, “a
photo not appearing {t}”, ..., “a photo not containing {t}”},
where has L handcrafted “no” prompts. The handcrafted
“no” prompt pool is built upon [10] and modified with neg-
ative keywords. During training, given the input text t, we
randomly pick a “no” prompt from poolno to generate the
text with “no” logic, tno. Next, a token embedding layer ρ
is used to embed the “no” texts as a group of token feature
vectors ρ(tno), which are the input tokens of the “no” text
encoder.

Moreover, inspired by [49], we design the learnable “no”
prompts. We replace the negative keywords (e.g., “a photo
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without”) by some learnable parameters σ that present the
token features of negative semantics and are combined with
the token features of t in the feature space.

3.4. Training Loss Design

A photo not
appearing a horse

A photo of two dogs
standing on the mud 

A photo of a horse

A photo of no cat is
sleeping 

A photo of a cat is 
sleeping 

A photo no two dogs
standing on the mud

Figure 4. The illustration for matching x and tno. The green and
pink boxes indicate the standard text t and “no” text tno, respec-
tively. m(xi, t

no
j ) = 1 indicates they are matched yet unrelated

(i.e., the “no” text is not a wrong description yet semantically irrel-
evant). m(xi, t

no
j ) = 0 indicates they are reversed matched (i.e.,

the “no” text has opposite semantic to the image ).

In the training period, we define a mini-batch with N
input pairs as B = {(xi, ti, t

no
i )}Ni=1 ∈ Dclip where

(xi, ti, t
no
i ) is the i-th input pair including an image, a stan-

dard text, and a “no” text. Dclip is the dataset to pre-train
CLIPN, such as CC12M [37]. Then the image feature fi,
text feature gi and “no” text feature gno

i can be calculated
as follows:

fi = ϕ(xi)

gi = ψ(ti)

gno
i = ψno(tnoi ),

(1)

where fi, gi, g
no
i ∈ R1×D and D is the feature dimension.

All features are normalized by L2 normalization operation.
We train CLIPN through two loss functions.

Image-Text Binary-Opposite Loss (ITBO). This loss
function assists the model in matching the image feature
with the correct “no” text features. To be specific, we define
two relations between images and “no” texts: (1) matched
yet unrelated (i.e., the “no” text is not the wrong descrip-
tion yet semantically irrelevant to the image); (2) reversed
matched (i.e., the “no” text has opposite semantic to the im-
age), as explained in Fig. 4. Consequently, the match-ness
m(xi, t

no
j ) between the i-th image and the j-th “no” text

can be defined as follow:

m(xi, t
no
j ) = mij =

{
0, i = j,

1, i ̸= j,
(2)

where m(xi, t
no
j ) = 0 indicates they are reversed matched

and m(xi, t
no
j ) = 1 indicates they are matched yet unre-

lated. Then we drive CLIPN to match images and “no”

texts in the feature space, guided by the match-ness. The
loss Litbo is formulated as:

Litbo(B) = − 1

N

N∑
i=1

(1−mii) log(1− pnoii )

− 1

N(N − 1)

N∑
i=1

N∑
j ̸=i

mij log p
no
ij ,

(3)

where pnoij presents the matched probability between the i-
th image and j-th “no” text, formulated as follow:

pnoij =
e<fi,g

no
j >/τ

e<fi,gj>/τ + e<fi,gno
j >/τ

, (4)

where <,> indicates the inner product of two vectors and
τ is a learnable temperature parameter.
Text Semantic-Opposite Loss (TSO). Obviously, the “no”
prompts render ti and tnoi semantically opposite. Hence, in
the feature space, the gi and gno

i also should be far from
each other. To this end, the text semantic-opposite loss Ltso

is defined as:

Ltso(B) =
1

N
(2−

N∑
i=1

∥gi − gno
i ∥2), (5)

where ∥∥2 is the L2 distance function. When all gi and
gno
i pairs are embedded into the opposite directions in the

feature space, Ltso(B) will decrease to 0. The total loss
in a mini-batch is calculated by adding the above two loss
values: L(B) = Litbo(B) + Ltso(B).

3.5. Inference algorithm of CLIPN

When deploying CLIPN to the test datasets of Did and
Dood to perform a zero-shot OOD detection task, we only
need all class names. For the C ID classes task, as shown
in Figure 3, the name of each class is feed into standard and
“no” texts, then fed into ψ,ψno. Actually, we introduce the
prompt pools in Sec. 3.3. A prompt ensemble strategy is
employed to generate the text features via adding the text
features of all prompts together, followed [10] Then the ID
class probability can be formulated as:

pij =
e<fi,gj>/τ∑C
k=1 e

<fi,gk>/τ
, (6)

where C is the number of classes and pij presents the pre-
dicted probability for the input image xi belonging to the
j-th class. The matched probability pnoij between the image
and the j-th “no” class text can be calculated via Eqn. 4.
Next, we propose two novel threshold-free algorithms to
determine if xi is OOD.
Competing-to-win Algorithm. The first algorithm is
named the competing-to-win (CTW). Motivated by MSP,
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we find the class with the maximum ID probability. Then
we compare the value of pno and pyes (i.e., 1− pno) to de-
termine if xi is OOD (or ID). The above process can be
formulated as follows:

Ictw = 1− pnoij , j = argmax{pik}k=1∼C

I(xi) =

{
1, 1− pnoij ≥ pnoij ,

0, else,

(7)

where j indicates the class with the highest ID probability,
Ictw is the ID-ness, and I(xi) is an indicator that presents
xi is an ID image when it is equal to 1, while is OOD .
Agreeing-to-differ Algorithm. Nevertheless, the above
strategy is slightly aggressive. It will fail in some hard-
distinguish situations (e.g., the maximum ID probability is
not significantly higher than other probabilities). To make
the decision flexible, we propose another algorithm, named
agreeing-to-differ (ATD), to take all ID probabilities and
pno into account. It can re-formulate the C-classes prob-
abilities as the (C + 1)-classes probabilities. An unknown
class will be created, and its probability is defined as:

pC+1 = 1−
C∑

j=1

(1− pnoij )pij . (8)

The OOD sample can be detected as:

Iatd = 1− pC+1

I(xi) =

{
1, pC+1 ≤ max{pij}j=1∼C .

0, else.

(9)

If the probability of the unknown class pC+1 is larger
than all ID probabilities, the input image will be detected as
OOD. Otherwise, it is determined as ID.

4. Experiment
4.1. Experimental Details

ID and OOD Datasets. In this section, we evaluate the
performance of our approach and compare it to state-of-the-
art OOD detection algorithms. We focus on three different
OOD detection tasks.

(1) OOD detection on large-scale datasets. Following the
prior work [30] on large-scale OOD detection, we choose
ImageNet-1K [20] as the ID dataset. Four OOD datasets
(including Texture [42], iNaturalist [41], SUN [45], and
Places365 [48]) are used to comprehensively benchmark the
algorithms.

(2) OOD detection on small-scale datasets. In this set-
ting [18], CIFAR-100 [19] is set as an ID dataset, and the
OOD datasets are CIFAR-10 [19], ImageNet R [18], and
LSUN [18]. The data scale of CIFAR-100 is significantly
smaller than ImageNet-1K.

(3) OOD detection on the in-domain dataset. In addition,
ZOC [8] is the first work on the zero-shot OOD detection
task. To compare with it, we follow its experimental setting
and test our method on CIFAR-10 and CIFAR-100 datasets.
The reported performance is averaged over 5 splits.
Evaluation Metrics. We report two widely used metrics,
AUROC and FPR95, for performance evaluation. AUROC
is a metric that computes the area under the receiver oper-
ating characteristic curve. A higher value indicates better
detection performance. FPR95 is short for FPR@TPR95,
which is the false positive rate when the true positive rate is
95%. Smaller FPR95 implies better performance.
Model Details. All used pre-trained CLIP models are ob-
tained from OpenCLIP [16]. The CLIP based on ViT-B-16
and ViT-B-32 are used for experiments.
Previous Methods for Comparison. We compare our
method with 5 prior logit-based works on OOD detec-
tion and 2 works on zero-shot OOD detection. They
are MSP [14], Energy [27], MaxLogit [13], ReAct [38],
ODIN [25], ZOC [8] (only on the third task) and MCM [30].
For evaluation, ID-ness socres proposed by the above works
and this paper (see Eqn. 7 and 9) are used for the calculation
of AUROC and FPR95.
Reproduction details. CLIPN is pre-trained on the CC-
3M [37] dataset for ten epochs, using a batch size of
2048, and trained on a system equipped with 4×NVIDIA
RTX3090 (24G) and 2×Intel Xeon Gold 5118. All experi-
ments involving our proposed algorithms are independently
repeated three times, and the reported results are averaged
from these three experiments. To ensure fairness and ver-
satility in our evaluation, the model used for performance
assessment is the final-epoch model, rather than selecting
the optimal model from all epochs.

4.2. Results on Zero-shot OOD Detection

OOD detection on large-scale datasets. Large-scale OOD
detection contributes to real-world applications. We give
a comprehensive OOD evaluation on ImageNet-1K in Ta-
ble 1. Our proposed method, CLIPN-A with learnable
’no’ texts, outperforms the previous state-of-the-art method
MCM [30] across all OOD datasets, achieving the highest
AUROC and FPR95 scores. On average, our approach us-
ing ViT-B-16 demonstrates significant enhancements of at
least 2.34% and 11.64% in terms of AUROC and FPR95,
respectively. Similarly, our approach utilizing ViT-B-32
showcases improvements of at least 4.12% and 23.25% on
AUROC and FPR95, respectively, underscoring its superior
performance.
OOD detection on small-scale datasets. In Table 2, we
present the results of our method on CIFAR-100. Our
approach achieves the best average performance on small
datasets in terms of AUROC and FPR95. Overall, our ex-
periment yielded an impressive conclusion: our algorithms
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Table 1. Results on large-scale zero-shot OOD detection. ID dataset is ImageNet-1K. All experimental results are evaluated using CLIP
model based on ViT-B-16 and ViT-B-32. CLIPN-C and CLIPN-A indicate CLIPN with competing-to-win and agreeing-to-differ algo-
rithms, respectively. The number with red and green indicates the improved AUROC and FPR95 of our algorithms compared to the
baseline algorithms, respectively. The bold number presents the best performance on each dataset in terms of AUROC and FPR95. The
result of MCM is reported on [30] and the results of other compared methods are reproduced by us.

Method iNaturalist SUN Texture Places Avg
AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓

Image Encoder: ViT-B-16

MSP [14] 77.74 74.57 73.97 76.95 74.84 73.66 72.18 79.72 74.68 76.22
MaxLogit [13] 88.03 60.88 91.16 44.83 88.63 48.72 87.45 55.54 88.82 52.49

Energy [27] 87.18 64.98 91.17 46.42 88.22 50.39 87.33 57.40 88.48 54.80
ReAct[38] 86.87 65.57 91.04 46.17 88.13 49.88 87.42 56.85 88.37 54.62
ODIN [25] 57.73 98.93 78.42 88.72 71.49 85.47 76.88 87.8 71.13 90.23
MCM [30] 94.61 30.91 92.57 37.59 86.11 57.77 89.77 44.69 90.76 42.74

CLIPN-C (Ours) 90.88 28.58 89.38 31.64 78.28 56.59 86.85 37.55 86.35 38.59
CLIPN-A (Ours) 95.27 23.94 93.93 26.17 90.93 40.83 92.28 33.45 93.10 (+2.34) 31.10 (-11.64)

Image Encoder: ViT-B-32

MSP [14] 77.14 74.62 71.86 80.64 73.76 74.88 70.61 82.09 73.34 78.06
MaxLogit [13] 84.01 75.05 88.27 56.59 84.41 60.00 85.68 61.65 85.59 63.32

Energy [27] 82.51 80.36 88.14 59.96 83.66 63.18 85.44 64.61 84.94 67.03
ReAct[38] 84.00 76.94 88.05 59.27 88.16 53.31 85.41 64.42 86.41 63.49
ODIN [25] 44.57 99.60 76.63 94.39 71.85 89.88 75.84 91.90 67.22 93.94

CLIPN-C (Ours) 87.24 38.42 84.49 43.43 72.93 65.41 76.26 60.73 80.23 52.00
CLIPN-A (Ours) 94.67 28.75 92.85 31.87 86.93 50.17 87.68 49.49 90.53 (+4.12) 40.07 (-23.25)

Table 2. Results on small-scale zero-shot OOD detection. ID dataset is CIFAR-100. The image encoder is ViT-B-32.

CIFAR-10 ImageNet R LSUN Avg
AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓

MSP [14] 77.83 80.02 85.09 58.42 82.51 68.88 81.81 69.11
MaxLogit [13] 85.20 57.58 78.79 83.72 89.02 61.21 84.34 67.51

Energy [27] 84.04 59.16 74.65 88.81 87.37 68.87 82.02 72.28
ReAct[38] 83.32 61.13 75.24 87.88 88.59 63.12 82.38 70.71
ODIN [25] 69.38 91.57 87.30 48.65 93.32 32.21 83.33 57.48

CLIPN-C (Ours) 85.44 49.84 82.72 65.79 91.51 44.26 86.56 53.30
CLIPN-A (Ours) 88.06 47.99 87.09 60.07 93.55 35.19 89.57 (+5.23) 47.75 (-9.73)

Table 3. Results of OOD detection on the in-domain setting. † and
‡ indicate that the results are evaluated based on pre-trained model
in ZOC [8] and pre-trained model in our paper. △ indicates the
improved AUC and FPR95.

CIFAR10 CIFAR100
AUROC FPR95 AUROC FPR95

CLIP+MSP † [14] 88.0±3.3 - 78.1±3.1 -
ZOC † [8] 93±1.7 - 82.1±2.1 -

△ +5 - +4 -

CLIP+MSP ‡ [14] 85.58±2.83 68.68±8.86 74.76±4.42 84.29±6.78
CLIPN-C ‡ 89.15±1.16 53.43±2.07 81.29±2.51 66.91±5.58
CLIPN-A ‡ 90.08±1.14 53.21±2.53 82.51±1.78 65.98±5.34

△ +4.5 -15.47 +7.75 -18.31

demonstrate superior generalizability, consistently achiev-
ing optimal average performance for zero-shot OOD detec-
tion tasks of any scale.
OOD detection on in-domain datasets. Table. 3 shows

our results in the in-domain setting, where CIFAR-10 and
CIFAR-100 are divided into ID groups and OOD groups,
respectively. It’s worth noting that our method outperforms
MSP by 4.5% and 7.75% AUROC on CIFAR10 and CI-
FAR100, respectively. Meanwhile, ZOC also outperforms
MSP by 5% and 4% AUROC. However, it should be pointed
out that our implemented MSP yielded lower scores than
those reported in ZOC [8], which is caused by the higher-
performance pre-trained model (but no public available pre-
tarined model of ZOC).

4.3. Ablation Study

The effectiveness of two losses. We conduct experiments
to demonstrate the effectiveness of the proposed two loss
functions, image-text binary-opposite (ITBO) loss and text
semantic-opposite (TSO) loss. We train CLIPN using ITBO
and ITBO+TSO, respectively. The results evaluated by
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Table 4. Ablation study on the proposed loss. The reported AUC
is evaluated by CLIPN-A with learnable “no” texts. ITBO and
TSO indicate image-text binary-opposite loss and text semantic-
opposite loss.

Loss iNaturalist SUN Texture Places

ITBO 93.08 91.61 89.52 89.83
ITBO + TSO 95.27 93.93 90.93 92.28

Table 5. Ablation study on the handcrafted and learnable “no”
texts. ⋆ and † refer to our method uses the handcrafted and learn-
able “no” prompts, respectively. CLIPN-C and CLIPN-A indicate
CLIPN with competing-to-win and agreeing-to-differ algorithms,
respectively.

Model iNaturalist SUN Texture Places

CLIPN-C⋆ 84.05 82.53 77.62 79.99
CLIPN-C† 90.88 89.38 78.28 86.85

△ 6.83 6.85 0.66 6.86

CLIPN-A⋆ 92.75 91.55 92.15 89.65
CLIPN-A† 95.27 93.93 90.93 92.28

△ 2.52 2.38 -1.22 2.63

CLIPN-A with learnable “no” texts are reported in Table. 4.
When solely utilizing ITBO, CLIPN-A achieves AUROC
scores of 93.08%, 91.61%, 89.52%, and 89.83% across the
four OOD datasets. Upon incorporating both ITBO and
TSO, an additional enhancement of 2.19%, 2.32%, 1.41%,
and 2.45% is observed in the AUROC scores.
The effectiveness of the handcrafted and learnable “no”
texts. We conducted experiments to demonstrate the ef-
fectiveness of both handcrafted and learnable “no” texts.
The handcrafted “no” texts are constructed by modifying
the text prompts of CLIP using negative keywords. The
number of learnable “no” keywords is set to 16. The re-
sults evaluated using CLIPN-C and CLIPN-A are presented
in Table. 5. For CLIPN-C, the utilization of learnable “no”
texts leads to improvements of AUROC by 6.83%, 6.85%,
0.66%, and 6.86% across the four datasets, compared to
handcrafted texts. Regarding CLIPN-A, the incorporation
of learnable “no” texts results in AUROC improvements of
2.52%, 2.38%, and 2.63% for three datasets, while show-
ing a decrease of 1.22% AUROC for the Texture dataset, as
compared to handcrafted texts.
The effectiveness to eliminate the mis-classified OOD
samples. We evaluate MSP and CLIPN-A on CIFAR-10
(ID dataset) and CIFAR-100 (OOD dataset), then use T-
SNE [40] to visualize the features (using Eqn. 1) of ID sam-
ples and mis-classified OOD samples (belonging to OOD
yet classified as ID) caused by MSP and ours. The results
are shown in Figure. 5. For MSP, the numbers of mis-
classified OOD samples are 666, 410, and 171 under the
threshold 0.5, 0.7, and 0.9, which are heavily falling into
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Figure 5. Mis-classified OOD (dark dots) and ID (other colors)
feature visualization via T-SNE. (a-c) Results of MSP [14] with
threshold [0.5, 0.7, 0.9]. (d) Result of our CLIPN-A. The ID and
OOD features are captured from images in CIFAR-10 and CIFAR-
100, using Eqn. 1. The misclassified samples indicate that samples
were classified incorrectly as CIFAR-10 classes, either by MSP or
by ours. Besides, the number of mis-classified OOD features are
666, 410, 171, and 45 for (a), (b), (c), and (d), respectively.

ID sample clusters. However, our threshold-free CLIPN-A
only has 45 mis-classified OOD samples, significantly less
than MSP and rarely fall into ID clusters. It demonstrates
that our CLIPN-A can effectively use the “no” logic to elim-
inate mis-classified OOD samples.
The capacity to match images and “no” texts. We con-
duct an experiment to evaluate the capacity of matching im-
ages and “no” texts in terms of CLIP and CLIPN. Specif-
ically, given CLIP or CLIPN, we extract all dog features
from CIFAR-10 (for each dog image, we get the image fea-
ture fdog using Eqn. 1). Then we use Eqn. 1 to get four
text features, gdog , gcat (standard dog/cat texts) and gno

dog ,
gno
cat (“no” dog/cat texts). Next we calculate the two group

cosine similarities < fdog, gdog > and < fdog, g
no
dog >;

< fdog, gcat > and< fdog, g
no
cat >. Finally, we use the ker-

nel density estimation function [33] to estimate the density
of two group similarities for CLIP and CLIPN, as shown
in Figure. 6. Followed the match-ness defined in Eqn. 2,
the ideal outcome should be that dog features are matched
with dog texts and “no” cat texts. From Figure. 6, we find
that the original CLIP fails to achieve it because all similar-
ities are mixed together. Conversely, similarity density of
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(b) Similarity density of CLIPN

Figure 6. Similarity density of CLIP and CLIPN. (a) and (b) show
the similarity density between dog images in CIFAR-10 and four
kind of texts in terms of CLIP and CLIPN, respectively.

CLIPN has obviously higher value on < fdog, gdog > and
lower < fdog, g

no
cat >, implying CLIPN has strong ability

to match images and “no” texts.
Computational and storage cost of the training and in-
ference periods. Our CLIPN significantly reduces both
training time and GPU memory usage when compared
to training CLIP, all while achieving substantial perfor-
mance improvements with minimal additional cost. Specif-
ically, we employ four commonly used metrics to quantify
these benefits: (1) Floating-Point Operations per Second
(FLOPs); (2) Number of Parameters; (3) Training Time per
Iteration; (4) GPU Memory Usage per Iteration. Metric (1)
is calculated solely during the forward step, while metrics
(3) and (4) pertain to the computation and memory usage
during both the forward and backward steps.

In terms of the training period, as indicated in Table 6,
CLIPN demonstrates reductions of 36.4% and 29.0% in
training time per iteration and GPU usage on ViT-B-32, re-
spectively. Additionally, on ViT-L-14, CLIPN achieves re-
ductions of 58.6% and 65.0% in training time per iteration
and GPU usage when compared to CLIP. This outcome is
attributed to the decreased number of Floating-Point Oper-
ations (FLOPs) and parameters during backward computa-
tion. Furthermore, CLIPN enables the training of ViT-L-14
on the RTX3090 with a comparatively large batch size. Re-
garding the inference period, outlined in Table 7, the con-
version of two text encoders to classifiers results in a neg-
ligible increase in computation and parameters, specifically
by 0.016G and 0.51M, respectively. However, this minor

Table 6. Cost comparison between CLIP and CLIPN during the
training period. Red presents the FLOPs and parameters that need
backward computations. FLOPs/parameters are decomposed into
sub-parts of image, text, and “no” text encoders. Blue indicates the
percentage of the decreased cost. All experiments are evaluated on
a device with 4×RTX3090 (24G) and 2×Intel Xeon Gold 5118.

Method FLOPs (G) Parameters (M) Time/Iter (s) GPU Usage (G)

ViT-B-32 (Input size: 16x3x224x224)

CLIP 141 + 95 87.9 + 37.8 0.22 5.86
CLIPN (ours) 141 + 95 + 95 87.9 + 37.8 + 37.8 0.14 (↓ 36.4%) 4.16 (↓ 29.0%)

ViT-L-14 (Input size: 16x3x224x224)

CLIP 2594 + 213 304.0 + 85.1 0.58 18.91
CLIPN (ours) 2594 + 213 + 213 304.0 + 85.1 + 85.1 0.24 (↓ 58.6%) 6.62 (↓ 65.0%)

ViT-L-14 (Input size: 64x3x224x224)

CLIP 10375 + 852 304.0 + 85.1 - OOM (≫ 24)
CLIPN (ours) 10375 + 852 + 852 304.0 + 85.1+ 85.1 0.49 8.31

Table 7. Cost and performance comparison between CLIP and
CLIPN during the inference period. The performance of AUROC
is CLIP with MaxLogits and CLIPN-A. The costs are calculated
under the same set of ViT-B-32 as Table. 6.

Method FLOPs (G) Parameters (M) Avg AUROC Improved AUROC

CLIP 141 + 0.016 87.9 + 0.51 85.59% -
CLIPN (ours) 141 + 0.016 + 0.016 87.9 + 0.51 + 0.51 90.53% ↑ 4.94%

adjustment leads to an average AUROC increase of 4.94%.

5. Conclusion and Limitation
This paper presents a novel framework, namely CLIPN,

for OOD detection by teaching CLIP to say “no”. The key
insight is to equip CLIP with the capability of distinguish-
ing OOD and ID samples via positive-semantic prompts and
negation-semantic prompts. Specifically, we propose new
“no” prompts and text encoder. Further, we propose two
training losses: an image-text binary-opposite loss and a
text semantic-opposite loss. These losses enable CLIP to
recognize scenarios where it should respond with “no” and
to understand the meaning of ”no”. Additionally, we pro-
pose two threshold-free inference algorithms: competing-
to-win and agreeing-to-differ. Extensive experimental re-
sults demonstrated the effectiveness of our method. One
limitation of our approach is the lack of clear demonstra-
tions of its extension to OOD segmentation or detection
tasks. Another limitation of our approach is the uncertainty
regarding its effectiveness for OOD classification in special-
ized datasets such as medical and satellite images. This is
primarily because our model is based on CLIP, and its ef-
fectiveness in specialized datasets is still underexplored.
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